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Abstract

Deep learning systems have achieved substantial progress in visual recognition and

image synthesis, but two structural limitations continue to restrict their use in fine-

grained, data-scarce settings. First, multitask recognition models often predict related

outputs independently from a shared representation, even when one prediction should

condition the interpretation of another. Second, generative models used for data

augmentation often rely on class labels or generic text prompts, which provide limited

information about the fine-grained visual structure of the target category. These

limitations are especially important when labelled data are imbalanced and when the

target labels have an ordered severity structure.

This thesis addresses these limitations through two complementary frameworks.

The first, Disease-Conditioned Severity Calibration (DCSC), is a multitask

recognition framework that conditions a secondary prediction pathway on a co-

predicted primary label. DCSC uses a VMamba backbone, FiLM-based feature mod-

ulation, disease-conditioned severity prototypes, CORAL ordinal regression, and an

Earth Mover’s Distance smoothing loss to make severity prediction context-aware

rather than independent of the primary class prediction.

The second, Knowledge-Grounded Depth-Controlled Diffusion (KGDC-

Diffusion), is a two-stage generative framework for targeted synthetic data augmen-

tation. It replaces simple class-label conditioning with retrieved morphological de-

scriptors and uses pseudo-depth maps to impose spatial structure during generation.

This allows the generative model to produce images that are not only visually realistic

but also aligned with fine-grained category-specific visual attributes.

The proposed frameworks are evaluated on severity-aware plant disease diagnosis,

which provides a practical testbed for both problems: severity labels depend on disease

identity, and early-stage categories are underrepresented in field-collected datasets.

On AI Challenger 2018, DCSC achieves 98.51% disease accuracy and 92.30% severity

accuracy under a five-seed evaluation protocol, reducing soft severity MAE by 57%

over the VMamba baseline. KGDC-Diffusion achieves an FID of 23.33, outperform-
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ing the evaluated GAN and diffusion baselines, and improves downstream classifier

accuracy by up to 3.76 percentage points when used for targeted augmentation of un-

derrepresented classes. This thesis also curates SoySeverityDataset, a real-world,

expert-validated soybean leaf image dataset with fine-grained severity annotations.

Overall, the thesis shows that making conditional structure explicit can improve

both recognition and generation. Co-predicted labels can provide useful context for

severity-aware prediction, while retrieved morphological knowledge can provide useful

context for synthetic image generation in data-scarce, fine-grained visual domains.

Keywords: Multitask Learning, Feature-wise Linear Modulation, Ordinal Regres-

sion, Diffusion Models, Retrieval-Augmented Generation, ControlNet, Severity-Aware

Classification, Synthetic Data Augmentation.
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Glossary of Plant Pathology Terms

Plant morphology The visible structure and form of a plant or plant organ, includ-

ing leaf shape, venation, surface texture, colour pattern, and spatial arrangement

of symptoms.

Symptom morphology The visual structure of disease symptoms, including their

shape, size, colour, texture, distribution, and boundary characteristics.

Morphological descriptor A text description of visible disease characteristics, such

as lesion shape, colour, margin, spread pattern, chlorosis, necrosis, or tissue

damage.

Lesion A localised damaged or diseased region on plant tissue, often appearing as a

spot, patch, necrotic area, or discoloured region on the leaf surface.

Lesion margin The boundary between diseased and healthy tissue, which may ap-

pear sharp, diffuse, irregular, chlorotic, or necrotic.

Chlorosis Yellowing of plant tissue caused by reduced or disrupted chlorophyll, com-

monly observed around infected or stressed leaf regions.

Necrosis Death of plant tissue, typically visible as brown, black, dry, or collapsed

areas on the leaf.

Mottling An irregular pattern of light and dark discolouration on the leaf surface,

often associated with chlorophyll disruption or viral infection.

Mosaic pattern A patchy arrangement of green and yellow regions on a leaf, com-

monly associated with viral disease symptoms.
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Pustule A small raised blister-like structure on the leaf surface, often associated with

bacterial or fungal infection.

Blight A symptom pattern involving rapid and extensive browning, wilting, or death

of plant tissue.

Severity The degree or extent of disease expression on the plant, typically measured

by the amount, spread, or intensity of visible symptoms.

Disease progression The temporal development of disease symptoms from early

localised infection to advanced or widespread tissue damage.

Fine-grained disease classification Classification between visually similar disease

categories or severity stages that differ by subtle symptom-level cues.
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Chapter 1

Introduction

The past decade has witnessed a fundamental transformation in computer vision,

driven by deep neural networks that extract increasingly rich hierarchical representa-

tions from raw pixel data. This progress has opened the door to practical automated

systems for visual recognition and image synthesis across a wide range of specialised

domains, from medical imaging to precision agriculture. Yet despite rapid advances in

backbone architectures and generative models, two structural problems persist across

both recognition and synthesis: how to condition one prediction on another in multi-

task learning, and how to generate fine-grained, domain-faithful images when training

data is scarce. This thesis addresses both problems in the context of plant disease

recognition, a domain with a natural hierarchical label structure, established bench-

marks, and a well-documented long-tail data distribution.

The first problem matters because co-occurring labels such as disease type and

severity are not independent. The visual criteria for severity differ fundamentally

across disease identities, and ignoring this dependency produces systematic classifica-

tion errors that no amount of backbone scaling is likely to resolve. The second problem

matters because the classes most critical for timely intervention such as early-stage

infections are precisely those most underrepresented in field-collected datasets, and

existing generative conditioning strategies lack the morphological specificity needed

to synthesise them faithfully. Taken together, the thesis frames both contributions as

a study of conditioning : conditioning recognition decisions on co-predicted labels, and
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conditioning generative synthesis on expert domain knowledge.

1.1 Background

Visual recognition has evolved through successive generations of backbone archi-

tectures, each addressing limitations of its predecessor. Early convolutional neural

networks (CNNs) demonstrated that hierarchical feature learning from raw pixels

could surpass hand-crafted feature pipelines on large-scale benchmarks (Ferentinos,

2018). Deeper and wider convolutional architectures improved representational ca-

pacity but remained limited by their local receptive fields, constraining the modelling

of long-range spatial dependencies (Chen et al., 2020).

Vision Transformers (ViTs) addressed this limitation by replacing local convolution

with global self-attention over image patches, allowing non-local feature interactions

throughout the image (Dosovitskiy et al., 2021). The Shifted Window Transformer

(Swin) (Liu et al., 2021) introduced a hierarchical patch-merging strategy that re-

covered the multi-scale inductive bias of CNNs while retaining long-range attention,

establishing state-of-the-art performance on image classification, object detection, and

semantic segmentation. However, the core cost of self-attention remains quadratic in

the number of tokens, which limits scalability at high spatial resolutions.

State Space Models (SSMs) offer a computationally efficient alternative rooted in

classical control theory. The S4 model (Gu et al., 2022) parameterised the SSM state

matrix using the HiPPO polynomial projection framework, enabling parallel training

via convolutional kernels and achieving superior performance on long-range depen-

dency benchmarks over all prior Transformer, RNN, and CNN alternatives. Mamba

(Gu and Dao, 2024) extended this by introducing a selective scan mechanism (S6), in

which the SSM parameters are computed as functions of the input, enabling content-

based selective propagation at linear computational cost. VMamba (Liu et al., 2024)

adapted this selective scan to two-dimensional image data through a 2D Selective Scan

module (SS2D) that traverses feature maps along four directions, yielding a hierar-

chical vision backbone structurally analogous to Swin but with linear computational
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complexity and superior performance across standard vision benchmarks.

Multitask learning in visual recognition addresses settings where multiple related

outputs, such as disease type and severity grade, must be predicted simultaneously

from a shared input. The dominant paradigm is hard-parameter-sharing, where a

single backbone feeds independent task-specific heads from a common representa-

tion (Crawshaw, 2020). This architecture is efficient and acts as a regulariser, but it

treats all tasks as independent and discards the conditional dependency structure that

naturally exists among co-occurring labels. When one label’s visual criteria depend

fundamentally on the value of another, a shared backbone with independent heads

cannot encode this dependency, because there is no pathway for one task’s predic-

tion to influence the feature computation of another. Despite the representational

advances of VMamba and its predecessors, this structural limitation persists across all

existing visual standard shared backbone architectures: none provides a mechanism

for conditioning one task’s feature space on the output of a co-predicted task.

In parallel, generative modelling for image synthesis has undergone an equally

dramatic transformation. Generative Adversarial Networks (Goodfellow et al., 2014)

established adversarial training as a framework for high-fidelity image synthesis, but

they suffer from training instabilities and mode collapse in low-data regimes. Denois-

ing Diffusion Probabilistic Models (DDPM) (Ho et al., 2020) provided a more stable

generative framework based on learned score matching, achieving superior sample di-

versity. Latent Diffusion Models (LDM) (Rombach et al., 2022) moved the diffusion

process into the compressed latent space of a variational autoencoder, reducing com-

putational cost substantially while preserving generation quality. ControlNet (Zhang

et al., 2023) further introduced spatially precise conditioning via trainable adapter

layers, enabling segmentation-mask, depth-map, and edge-map guidance. However,

most existing generative approaches rely on discrete class labels or open-domain text

prompts as conditioning signals. These signals may be effective in large-scale natural-

image settings, where models are exposed to millions of training examples, but they

are often insufficient in specialised scientific domains. A class label only specifies the

target category and does not describe its morphology, such as lesion shape, spatial

3



spread, colour variation, or structural appearance. Similarly, generic text prompts

may lack the domain-specific grounding needed to capture fine-grained visual details.

Retrieval-Augmented Generation (RAG) (Lewis et al., 2020) was developed in nat-

ural language processing to ground model outputs in dynamically retrieved, domain-

specific factual context, offering a route to richer conditioning signals without retrain-

ing the base generative model. Feature-wise Linear Modulation (FiLM) (Perez et al.,

2018) and ordinal regression frameworks such as (COnsistent RAnk Logits) (Cao et al.,

2020) provide the tools for conditioning and supervising cross-task predictions in the

recognition setting. Together, these methods offer targeted solutions to the two gaps

identified above.

Hence, both lines of development share a common unresolved limitation. Vi-

sual backbone architectures, regardless of their representational strength, treat co-

predicted tasks as independent and provide no mechanism for one task’s decision to

be informed by another’s output. Generative models, regardless of their synthesis

quality, condition generation on class indices or generic text strings that carry no in-

formation about what the target class actually looks like morphologically. In both

cases, the conditional structure that governs the domain is absent from the architec-

ture. We propose to investigate whether making this conditional structure explicit,

by conditioning severity recognition on predicted disease identity and conditioning

generative synthesis on retrieved expert morphological descriptions, can resolve these

limitations in the context of plant disease analysis.

1.2 Motivation

Over the past decade, visual recognition backbones have progressed from convo-

lutional networks to attention-based Transformers to, most recently, selective state-

space models such as VMamba, each generation trading one limitation for another:

convolutional locality, the quadratic cost of self-attention, and now the absence of any

mechanism for one prediction to condition another within a shared backbone. Gen-

erative modelling has followed a parallel trajectory, from adversarial training through
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diffusion-based synthesis to spatially precise conditioning via ControlNet, yet remains

tied to conditioning signals, class indices or text prompts, that carry no morphological

information about the target class. Hence, we propose to investigate whether making

the conditional structure of the domain explicit, rather than treating it as incidental,

can resolve both limitations.

A VMamba backbone with independent task heads inherits the linear-time effi-

ciency of selective scanning, but it still treats disease identity and severity as indepen-

dent outputs of a shared representation, even though the visual evidence for severity is

not defined in isolation: the features indicating severe damage for one disease are not

the features indicating severe damage for another. This gap is structural rather than

representational, since no increase in the shared backbone’s representational capacity

alone can resolve it. The actual limitation lies in the task-independence assumption of

the head structure, not in how much the backbone can represent. We therefore propose

to investigate severity-aware plant disease diagnosis by adding a structural block that

conditions the severity pathway on predicted disease identity through FiLM-based fea-

ture modulation, and by supervising it with an ordinal objective reflecting the natural

ordering of severity grades.

Diffusion models conditioned on class indices or text prompts are only told which

disease a leaf has, not what that disease actually looks like at each stage. They are

not given the visual details, such as the shape of the affected area, its colour, or how

it spreads across the leaf, that separate one disease’s early appearance from another’s.

This is a gap in the conditioning signal provided to the model, not a limitation of

the diffusion process itself. The problem is worse for early-stage infections precisely

because they are the least represented cases in existing datasets: there are simply

fewer early-stage images for the model to learn from in the first place.

We therefore propose to investigate whether retrieving expert descriptions of dis-

ease appearance at generation time, used to condition a ControlNet-guided diffusion

process through a retrieval-augmented pipeline, can produce synthetic images faithful

enough to improve classifier performance on these under-represented classes. Both

investigations are instances of the same underlying question: whether resolving condi-
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tioning gaps, conditioning one task’s prediction on another’s output, and conditioning

generation on domain knowledge rather than a label index, yields measurable gains

where structural independence currently limits both recognition and synthesis. Plant

disease diagnosis offers a domain where this can be tested concretely and where the

stakes are direct: misclassifying severity delays or misdirects treatment, and the in-

ability to synthesise faithful early-stage images leaves exactly the cases that matter

most for early intervention underserved by data augmentation.

1.3 Objectives

The two investigations proposed in Section 1.2, resolving the absence of cross-task

conditioning in multitask recognition, and resolving the absence of morphologically

grounded conditioning in generative synthesis, translate into three concrete objectives.

The first two address the recognition gap identified in Section 1.1: that a VMamba

backbone with independent task heads, regardless of its linear-time efficiency, treats

disease identity and severity as unconditioned outputs of a shared representation.

The third addresses the generative gap: that existing diffusion-based augmentation

conditions synthesis on class indices or text prompts that carry no morphological

information about the target class, precisely where such information matters most,

namely in underrepresented early-stage classes. In this thesis, we aim to achieve the

following objectives:

1. Enhance the VMamba vision backbone with a disease-conditioned cross-task

feature modulation mechanism to enable severity-aware multitask plant disease

learning. Specifically, develop a framework in which the severity prediction path-

way adapts to the predicted disease identity through FiLM-based affine modu-

lation, disease-conditioned severity prototypes, CORAL ordinal regression, and

an Earth Mover’s Distance smoothing loss, in order to address the systematic

confusion between general and serious severity that arises from disease-agnostic

decision boundaries.
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2. Establish, through a rigorous multi-seed evaluation protocol (fixed 70/15/15

split, five independent seeds, mean ± standard deviation, and paired t-tests for

statistical significance), that the gains attributable to disease-conditioned sever-

ity modulation are consistent and statistically significant, rather than artefacts

of a single train/test split.

3. Develop a two-stage knowledge-grounded, depth-controlled generative pipeline

that replaces class-label conditioning with expert-validated morphological de-

scriptors and spatially precise pseudo-depth ControlNet supervision, producing

biologically faithful early-stage disease and weed images that improve down-

stream classifier performance on underrepresented classes.

1.4 Thesis Contributions

The specific contributions of this thesis are as follows.

• Disease-Conditioned Severity Calibration (DCSC). We identify disease-

conditional severity ambiguity as the primary structural bottleneck in severity-

aware plant disease multitask learning: the visual boundary between general

and serious severity differs across disease types, yet all prior methods impose a

shared decision boundary. Conceptually, DCSC is the first framework to encode

the insight that severity is not an absolute visual quantity but a disease-relative

one, a principle that mirrors how trained plant pathologists actually perform

severity assessment. By making this inductive bias explicit at the feature level

rather than leaving the network to discover it implicitly, DCSC converts what

was an inherent architectural limitation into a learnable, interpretable mecha-

nism. DCSC addresses this by conditioning the severity prediction pathway on

the predicted disease identity through complementary mechanisms: FiLM-based

affine modulation of the severity feature space; a learnable disease-conditioned

severity prototype matrix with ordinal geometric regularisation; a CORAL ordi-

nal regression head enforcing rank-monotone predictions; and an Earth Mover’s
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Distance loss for ordinal distributional smoothing. Evaluated on AI Challenger

2018 under a rigorous five-seed 70/15/15 fixed-split protocol, DCSC achieves

98.51% disease accuracy and 92.30% severity accuracy with a soft severity MAE

of 0.0909, representing a 57% soft-MAE reduction over the VMamba baseline

and statistically significant improvements over both TSTC and LDI-NET.

• Knowledge-Grounded Depth-Controlled Diffusion (KGDC-Diffusion).

We propose a two-stage generative pipeline for producing biologically faithful

early-stage plant disease images. The major goal of this proposed work is to

produce faithful and accurate synthetic images that lie in the same manifold

and distributional space as the original data samples. Stage I uses Retrieval-

Augmented Generation to replace vague class-label conditioning with expert-

validated morphological descriptors retrieved at inference time from a domain-

specific botanical knowledge base. Stage II conditions a ControlNet architecture

on pseudo-depth maps from a zero-shot monocular depth estimator to enforce

spatial and geometric realism. KGDC-Diffusion achieves an FID of 23.33 and a

Generative Recall of 0.951, outperforming all GAN and diffusion baselines, and

downstream classifiers augmented with KGDC-Diffusion synthetic data gain up

to 3.76 percentage points in accuracy over classifiers trained without augmenta-

tion.

• SoySeverityDataset. We curate and release a real-world soybean leaf disease

dataset validated by a domain expert at ICAR-NSRI, comprising three disease

classes – Aerial Blight, Yellow Mosaic Virus, and Bacterial Pustule across three

severity levels (Early, Mild, and Late). This dataset fills a gap in publicly avail-

able soybean disease benchmarks with fine-grained severity and spatial annota-

tion.

1.5 Organisation of the Thesis

The remainder of this thesis is organised as follows.
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Chapter 2 (Related Work)

This chapter reviews the literature across six areas that underpin the two contri-

butions of the thesis. It covers the evolution of sequence modelling from structured

state space models (S4) through Mamba’s selective scan mechanism to VMamba’s 2D

adaptation, and identifies the missing cross-task conditioning capability. It then re-

views multitask learning and FiLM-based feature conditioning, ordinal regression and

severity grading, generative modelling from GANs through latent diffusion models,

the limitations of existing conditioning strategies in specialised domains, and prior

multitask plant disease classification work.

Chapter 3 (Disease-Conditioned Severity Calibration)

This chapter presents the DCSC framework in full detail. It covers the problem

formulation, the FiLM-based conditioning module, the disease-conditioned severity

prototype head with ordinal geometric regularisation, the CORAL ordinal severity

head, the Earth Mover’s Distance smoothing loss, and the combined training objec-

tive. Experiments on AI Challenger 2018 and the Rice Leaf Severity dataset include

a comprehensive ablation study, statistical significance tests, per-disease severity er-

ror analysis, and Monte Carlo Dropout uncertainty analysis on the five highest-error

disease classes.

Chapter 4 (Knowledge-Grounded Depth-Controlled Diffusion)

This chapter presents the KGDC-Diffusion generative framework. It describes

the SoySeverityDataset collection, expert severity annotation, and botanical corpus

construction, followed by the two-stage pipeline architecture comprising RAG-guided

semantic conditioning and depth-controlled spatial conditioning via a pseudo-depth

ControlNet. Experiments evaluate generation quality (FID, KID, Generative Preci-

sion and Recall) against GAN and diffusion baselines across four datasets, followed

by downstream classification experiments demonstrating the augmentation benefit of

targeted severity-aware synthetic data across three classifier architectures.

Chapter 5 (Conclusion and Future Work)

This chapter summarises the contributions of the thesis, discusses limitations of

both frameworks, and outlines directions for future research including cross-attention-
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based conditioning, infection-type-aware hierarchical priors, automatic loss weighting,

and cross-domain validation.
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Chapter 2

Related Work

This chapter builds the conceptual case for both contributions of the thesis by

reviewing the prior work each contribution responds to. Section 2.1 traces the evo-

lution of visual backbone architectures from convolutional networks through Vision

Transformers and the Swin Transformer, arrives at the resolution-complexity bottle-

neck that limits attention-based backbones, and shows how VMamba’s selective state

space mechanism resolves that bottleneck while introducing a new gap: the absence of

cross-task conditioning. Section 2.2 reviews multitask learning, feature conditioning,

and ordinal supervision, explaining why FiLM combined with CORAL is the appropri-

ate combination to fill the gap. Section 2.3 surveys automated plant disease classifica-

tion and the multitask disease-severity literature to situate the thesis benchmarks and

baselines. Section 2.4 reviews generative modelling approaches for data augmentation,

traces the conditioning insufficiency problem that limits existing diffusion-based ap-

proaches in scientific domains, and justifies the retrieval-augmented strategy used in

KGDC-Diffusion. Agricultural application contexts appear only where they motivate

specific design choices.

2.1 Vision Backbone Architectures

Understanding why this thesis uses VMamba as its recognition backbone, and why

that choice matters for the experimental comparison against prior multitask meth-
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ods, requires tracing the lineage of visual backbone architectures. Each generation of

backbone addressed a specific limitation of its predecessor, and understanding those

limitations is the most direct way to understand what VMamba provides and what it

still does not.

2.1.1 Convolutional Neural Networks

For most of the last decade, the convolutional neural network (CNN) was the dom-

inant building block of visual recognition. A CNN applies a bank of learned filters

across the spatial dimensions of an image in a sliding-window fashion, producing a fea-

ture map that encodes local image statistics at each position. The key insight behind

the design, that natural images are spatially local because the pixels jointly defining an

edge, a texture, or a lesion boundary tend to be neighbours, made CNNs enormously

effective on image classification tasks. AlexNet (Krizhevsky et al., 2012) demonstrated

this at scale on ImageNet, and subsequent architectures including VGGNet (Simonyan

and Zisserman, 2015), ResNet (He et al., 2016), and DenseNet (Huang et al., 2017)

progressively deepened and refined the convolutional design, achieving human-level

performance on standard benchmarks.

In the plant disease domain specifically, CNNs pre-trained on ImageNet and fine-

tuned on leaf disease datasets demonstrated strong diagnostic performance, with sev-

eral works showing that CNN classifiers could match or approach trained pathologists

on benchmark tasks (Ferentinos, 2018; Chen et al., 2020; Yang et al., 2020). This is

not surprising given the task structure. A rust pustule, a bacterial lesion halo, or a

powdery mildew spot are all local patterns that convolution is well-suited to detect.

The limitation of CNNs is that their receptive field, the region of the image that

influences any single output activation, grows only linearly with depth. A 3x3 convo-

lutional layer has a receptive field of 3x3, and stacking L such layers gives a theoretical

receptive field of (2L+1)× (2L+1). In practice, due to subsampling and the decay of

gradient signal through many layers, effective receptive fields are much smaller than

the theoretical maximum (Luo et al., 2016). For a task like severity grading, where

the overall distribution of lesions across the entire leaf surface matters as much as any
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individual lesion, this local bias becomes a bottleneck. A CNN processing the tip of

a leaf has limited access to information about what is happening near the stem, yet

both regions together determine the overall severity grade. This is the gap that Vision

Transformers were designed to fill.

Figure 2.1: CNN (a) versus Vision Transformer (b): local versus global feature aggre-
gation.

2.1.2 Vision Transformers

The Transformer architecture was introduced for sequence transduction by Vaswani

et al. (2017). Dosovitskiy et al. (2021) subsequently adapted the Transformer encoder

to computer vision in the Vision Transformer (ViT). ViT divides an input image

into a grid of fixed-size non-overlapping patches, linearly projects each patch into an

embedding vector, and processes the resulting sequence of patch embeddings with

standard Transformer self-attention layers. Self-attention allows every patch in the

image to attend directly to every other patch regardless of spatial distance.

An image at resolution 224× 224 divided into 16× 16 patches produces N = 196
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patch tokens. In each self-attention layer, the model computes a query, key, and value

vector for each of the 196 tokens, and then computes 196 attention weights for each

token by comparing its query against every other token’s key. The attention weight

between patch i and patch j tells the model how much patch i’s representation should

be updated based on patch j’s content. Because this comparison is computed for every

pair (i, j), the total number of attention computations is N2 = 38,416 per attention

head per layer. More generally, the computational and memory cost of self-attention

scales as O(N2) in both time and space. This is acceptable at 224× 224 but becomes

prohibitive as resolution increases. At 448 × 448 with the same patch size, N = 784

and N2 = 614,656, a sixteen-fold increase in attention cost for a four-fold increase in

image resolution.

ViT-based models demonstrated that global self-attention does provide substan-

tially better feature quality than CNNs on large-scale benchmarks, confirming that

long-range spatial dependencies matter for visual recognition. However, ViT in its

original form requires very large training datasets such as JFT-300M to outperform

strong CNNs, partly because it discards the spatial inductive bias of convolution en-

tirely and must learn all spatial relationships from data.

2.1.3 The Swin Transformer

The Swin Transformer (Liu et al., 2021) addressed both the quadratic scaling and

the single-scale limitations of ViT through two design choices. First, Swin restricts

self-attention to local non-overlapping windows rather than computing it globally.

Each window contains M ×M patches (typically M = 7), and attention is computed

independently within each window. This reduces the attention complexity from O(N2)

to O(N ·M2), which is linear in N for fixed M and thus far more tractable at higher

resolutions.

Second, to allow information to flow across windows, since windowed attention

alone would make patches from different windows permanently isolated, Swin alter-

nates between a regular window partition and a shifted window partition in successive

layers. The shift displaces the window boundaries by (⌊M/2⌋, ⌊M/2⌋) pixels, creat-
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Figure 2.2: Swin Transformer shifted window attention mechanism.

ing new windows that overlap with the boundaries of the previous partition. This

allows cross-window communication at every pair of layers, providing a form of global

connectivity despite local computation. Figure 2.2 illustrates this mechanism.

Third, Swin organises its blocks into a four-stage hierarchical architecture with

patch-merging layers between stages. Each patch-merging layer doubles the stride

and halves the spatial resolution, producing a pyramid of feature maps at scales H
4
×

W
4
, H

8
× W

8
, H

16
× W

16
, and H

32
× W

32
. This multi-scale hierarchy is what allows Swin

to excel at dense prediction tasks such as detection and segmentation in addition

to image classification. On ImageNet classification, COCO detection, and ADE20K

segmentation, Swin Transformer substantially outperformed all prior CNN and ViT

models at the time of publication.

In the plant disease multitask literature, Swin Transformer was adopted as the

backbone for TSTC (Yang et al., 2023), currently the strongest prior work on joint

disease-severity prediction, achieving 99.00% disease accuracy and 88.73% severity

accuracy on AI Challenger 2018. Despite this success, the Swin Transformer still

carries the O(N · M2) scaling with respect to the number of tokens. While M2 is a

constant, the total computational cost still grows linearly with N , and more critically,

the window sizeM is fixed at architecture design time. ExpandingM to capture larger

spatial contexts immediately reintroduces quadratic cost within the window. This

means that for high-resolution inputs or tasks requiring long-range spatial context,

even Swin’s windowed attention faces a hard tradeoff between context and cost.
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The progression from CNNs through ViT to Swin illustrates a consistent tension.

Richer spatial context requires longer-range interactions, and longer-range interac-

tions are computationally expensive. CNNs are cheap but local. ViT is global but

quadratic. Swin is a practical compromise but still grows with resolution and fixes

its context window at design time. For a recognition backbone that needs to process

high-resolution images with globally distributed symptoms across a leaf surface, this

tension is not merely theoretical. A backbone that cannot efficiently model long-range

spatial dependencies will systematically fail to capture the whole-leaf patterns that

distinguish a moderately infected leaf with scattered lesions from a severely infected

one with confluent lesion areas and secondary chlorosis. This is the architectural

context that motivates looking beyond attention-based backbones toward alternatives

with linear complexity and content-adaptive long-range modelling.

2.1.4 State Space Models and Visual State Space Models

(VMamba)

The alternative to attention-based long-range modelling comes from control theory

and signal processing. Continuous-time linear state space models have a long history

in classical control, but their application to deep sequence modelling was formalised

by Gu et al. (2022) with the Structured State Space Model (S4). The core idea is to

model a sequence through a continuous-time dynamical system:

x′(t) = Ax(t) +Bu(t) (2.1)

y(t) = Cx(t) +Du(t) (2.2)

where u(t) is the input signal, x(t) is a hidden state that summarises the history of the

input, and y(t) is the output. The state matrix A is parameterised using the HiPPO

framework (Gu et al., 2022), which initialises it to project the input history onto an

optimal basis of orthogonal polynomials. This gives S4 long-range memory without

the gradient degradation that cripples recurrent networks like LSTMs. Critically, S4
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can be computed as a global convolutional kernel during training, enabling O(N logN)

FFT-based parallelism, while at inference it runs as a recurrent network in O(N) time.

S4’s limitation is that its parameters (A,B,C,D) are fixed regardless of the input

content. It applies the same transformation to every sequence, making it a strong

memory mechanism but a weak content-based reasoning tool. Gu and Dao (2024)

corrected this with Mamba, which introduces a selective scan mechanism (S6) where

the parameters B, C, and the discretisation timescale ∆ are computed as learned

linear projections of the current input:

B = sB(x), C = sC(x), ∆ = softplus(s∆(x)) (2.3)

A small ∆ causes the model to strongly incorporate the current input into the hidden

state. A large ∆ causes it to decay the current input and retain prior state. This

input-dependent gating gives Mamba the ability to selectively propagate or suppress

information based on content, an ability that S4 completely lacked, while preserving

O(N) complexity through a hardware-aware parallel scan. On language modelling

benchmarks, Mamba achieved Transformer-level perplexity at linear cost and was the

first SSM to match Transformers on information-dense data.

S4 and Mamba were both designed for one-dimensional sequences such as text,

audio, and time series. Their relevance to the vision backbone question arises through

the challenge of adapting the selective scan to two-dimensional image data. VMamba

(Liu et al., 2024) brings the Mamba selective scan into the image domain through

a targeted solution to the dimensionality mismatch. When a 2D image is naively

flattened into a 1D sequence for processing by S6, artificial causal dependencies arise.

Pixels near the end of the flattened sequence receive context from earlier pixels but

cannot contribute context back, breaking the omnidirectional spatial symmetry that

image understanding requires. A leaf lesion at the bottom-right of an image should

inform the representation of a related symptom at the top-left, regardless of which

position comes first in a scanning order.

VMamba solves this with the 2D Selective Scan (SS2D) module, which pro-
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Figure 2.3: VMamba’s SS2D module: four-directional selective scan for omnidirec-
tional spatial context.

cesses the spatial feature map independently along four traversal directions: top-left

to bottom-right, bottom-right to top-left, top-right to bottom-left, and bottom-left

to top-right. The four resulting hidden-state sequences are merged into a single spa-

tial output, so that every position receives context from the full spatial extent of the

feature map through at least one scanning direction. The result approximates omni-

directional spatial attention at O(N) cost rather than O(N2). Figure 2.3 illustrates

the four-direction scan. VMamba organises its VSS blocks (Visual State Space blocks

based on SS2D) into a four-stage hierarchical architecture with patch-merging down-

samplers between stages, directly mirroring Swin’s hierarchical design and producing

the same multi-scale feature pyramid.

The choice of VMamba-Small for the recognition backbone of DCSC in this the-

sis is motivated by three considerations. First, VMamba’s SS2D mechanism operates

at O(N) complexity, whereas Swin’s shifted-window attention is O(N · M2) and re-

quires the window size M to be fixed at design time. For plant disease images where

discriminative features can span the entire leaf surface, a backbone that avoids hard-

coded spatial context limits is preferable. Second, VMamba-Small matches or exceeds

Swin Transformer-Small on ImageNet-1K classification, COCO object detection, and

ADE20K semantic segmentation, so any accuracy gain observed in DCSC over the

most directly competing baseline (TSTC, which uses a Swin backbone) can be at-

tributed to the conditioning mechanism rather than to a stronger backbone. If DCSC

used a stronger backbone and TSTC a weaker one, the comparison would be con-

founded. Third, the content-sensitive per-token gating in VMamba’s selective scan
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means that the backbone naturally suppresses uninformative background regions and

amplifies lesion regions, a property that aligns with the spatially non-local nature of

severity assessment across a whole-leaf image.

2.1.5 What VMamba Lacks: Cross-Task Conditioning

Despite its architectural advantages, VMamba shares a structural limitation with

every other visual backbone reviewed in this section: it produces a single unified repre-

sentation h ∈ RD from which independent task heads branch. There is no mechanism

in VMamba by which the computation of one task’s prediction can modify the feature

space used by another. In a multitask setting where the optimal decision boundary

for one task depends on the outcome of a co-predicted task, this independence is not a

harmless simplification. In the plant disease multitask setting specifically, the severity

head must decide whether a leaf shows general or serious infection using the same

feature vector that the disease head uses for its own prediction, with no mechanism

to condition that severity decision on what the disease head found. The result is a

single disease-agnostic severity boundary, and the systematic confusion between gen-

eral and serious severity that this boundary produces is documented in the TSTC and

LDI-NET confusion matrices in Section 2.3. This gap is the primary architectural mo-

tivation for the first contribution of this thesis. The next section reviews the multitask

learning and feature conditioning literature to identify the appropriate mechanism for

filling it.

2.2 Multitask Learning, Feature Conditioning, and

Ordinal Supervision

The gap identified in Section 2.1.5 is a conditioning problem. The severity feature

space needs to be transformed differently for each disease class, and the transformed

features must be supervised in a way that respects the ordinal structure of the severity

label space. This section reviews three threads of literature that together provide the
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tools for both requirements: multitask learning frameworks that motivate cross-task

feature interaction, FiLM-based conditioning mechanisms that implement the discrete-

label-conditioned transformation, and ordinal regression methods that supervise the

resulting predictions in a rank-consistent way.

2.2.1 Multitask Learning in Computer Vision

Multitask learning (MTL) in visual recognition was formalised in early work by

(Caruana, 1997) and has been extensively revisited in the deep learning era (Craw-

shaw, 2020). The dominant paradigm is hard-parameter-sharing: a single backbone

encoder processes the input image and feeds task-specific prediction heads from a com-

mon representation. Hard sharing is computationally efficient and provides implicit

regularisation, because the shared backbone is forced to extract features that are si-

multaneously useful for all tasks. Its central assumption, however, is that all tasks are

best served by the same representation, which fails when tasks have different or even

conflicting feature requirements.

Soft-parameter-sharing methods (Misra et al., 2016) relax this assumption by al-

lowing separate per-task networks while penalising their parameters for diverging too

far, giving each task some representational independence without complete separation.

Cross-stitch networks (Misra et al., 2016) go further by learning task-specific linear

combinations of features from multiple task branches, which is a step toward cross-

task feature interaction. Task-grouping methods (Standley et al., 2020) use gradient

interference analysis to decide which tasks should share a backbone at all. None of

these approaches model an explicit directional conditional dependency between tasks,

specifically the scenario where one task’s decision boundary should be dynamically

transformed based on the discrete output of a co-predicted task. For the disease-

severity problem, what is needed is not a shared representation or a linear feature

combination but a mechanism that applies a different feature transformation for each

value of the disease label. This is a structured conditioning problem.
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2.2.2 Feature-wise Linear Modulation (FiLM)

With the conditioning problem defined precisely as a discrete-label-conditioned

feature transformation, the choice of mechanism comes down to comparing the avail-

able options. Cross-attention allows severity features to attend over a learned disease

label embedding, but cross-attention requires the conditioning signal to be a sequence

of vectors. When the conditioning signal is a single scalar index, as in DCSC where

the predicted disease class is a single label, cross-attention reduces to a single global

weighted sum, which is mathematically equivalent to a linear projection and offers no

advantage over simpler alternatives. Concatenation conditioning appends the disease

embedding to the feature vector before the severity head, but it entangles the con-

ditioning signal and the features in a way that requires the head to implicitly learn

to disentangle them, with no architectural guarantee that this disentanglement oc-

curs. Hypernetwork conditioning uses a secondary network to generate task-specific

weights for the severity head, which is the most flexible option but also the most

parameter-expensive and the most difficult to train stably.

Feature-wise Linear Modulation (FiLM), introduced by Perez et al. (2018), pro-

vides the right balance. FiLM applies a learned feature-wise affine transformation to

intermediate network activations:

f̃ = γ(c)⊙ f + β(c) (2.4)

where f is the feature map to be conditioned, c is the conditioning signal (in DCSC,

the predicted disease class), and γ(c) and β(c) are scale and shift vectors generated

by a lightweight conditioning network: a single embedding lookup followed by a two-

layer MLP. The operation is interpretable: γi > 1 amplifies dimension i of the severity

feature space for disease c, while βi shifts its baseline activation. Different disease

classes produce different (γ,β) pairs, effectively creating disease-specific feature sub-

spaces within the shared backbone representation, without modifying the backbone

itself. Figure 2.4 shows the FiLM conditioning block.

FiLM was originally demonstrated on the CLEVR visual question answering bench-
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Figure 2.4: Feature-wise Linear Modulation (FiLM) block.

mark (Perez et al., 2018), where conditioning visual features on natural language ques-

tions produced state-of-the-art results without any architectural change to the visual

encoder, confirming that affine feature modulation is sufficient to implement complex

cross-modal conditioning. Durasov et al. (2022) later demonstrated FiLM’s versatility

across probabilistic deep learning settings. To the best of our knowledge, this thesis

is the first to apply FiLM in a cross-task setting where the conditioning signal is a

co-predicted categorical label rather than an external query.

2.2.3 Conditional Multitask Learning and Prior Cross-Task

Work

The conceptual precedent for conditioning one task’s prediction on another’s out-

put was established for plant disease analysis by Lee et al. (2021), who proposed

Conditional Multi-Task Learning (CMTL). CMTL conditions disease classification

on the predicted species identity, demonstrating that encoding the hierarchical rela-
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tionship between tasks as an explicit conditional dependency, rather than relying on

shared-backbone implicit co-learning, improves performance on both tasks. DCSC

extends this conditioning logic one level further: from species-to-disease conditioning

(as in CMTL) to disease-to-severity conditioning. This is the more agronomically con-

sequential direction, because general–serious severity confusion can affect the choice

and timing of intervention.

Tripathi et al. (2024) proposed a multitask vision transformer for simultaneous

disease localisation and classification, confirming that explicit task interaction outper-

forms independent heads on joint plant disease tasks. The localisation-classification

coupling in that work connects spatial and semantic tasks rather than two seman-

tic tasks with a conditional dependency, but it reinforces the broader argument that

cross-task interaction improves multitask plant disease models.

2.2.4 Ordinal Regression and Consistent Rank Logits

Severity is not a nominal categorical variable. The label space healthy to general

to serious is ordered. The visual transition from healthy to general involves the first

appearance of lesion symptoms, while the transition from general to serious involves

secondary effects such as chlorosis and tissue necrosis. Adjacent classes are more

visually similar than distant classes, and this ordering carries real agronomic meaning.

Confusing general with serious leads to over-treatment, applying fungicide to a field

that does not need it. Confusing serious with general leads to under-treatment, failing

to intervene in a field that requires immediate action. Standard cross-entropy loss

treats all misclassifications as equally bad, assigning the same penalty to a serious-

versus-healthy error (an ordinal distance of 2) as to a general-versus-healthy error (an

ordinal distance of 1). This is incorrect for severity grading and motivates the use of

an ordinal regression framework in the DCSC severity head.

Cao et al. (2020) proposed CORAL (Consistent Rank Logits), which decomposes

ordinal prediction into a set of binary cumulative subtasks. For severity labels s ∈
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{0, 1, 2} corresponding to healthy, general, and serious, CORAL estimates:

P (ŷs > k) = σ(w⊤f̃sev + bk), k ∈ {0, 1} (2.5)

using a shared weight vector w and rank-specific bias scalars bk. The shared weight

constraint guarantees that the cumulative probabilities satisfy P (ŷs > 0) ≥ P (ŷs > 1)

by construction. This prevents rank-inconsistent cumulative outputs and encourages

ordinal coherence; it does not, by itself, eliminate ordinary class misclassification be-

tween adjacent severity grades.

Shi et al. (2021) proposed CORN as a relaxation that removes the shared-weight

constraint and preserves rank consistency through conditional probability decompo-

sition. CORN is more expressive but also more parameter-heavy and loses the hard

architectural guarantee of rank-monotonicity. For the DCSC severity head, CORAL

is preferred because the guarantee rather than the flexibility is what matters. The

target is to eliminate a specific confusable class pair (general versus serious), and

CORAL’s shared-weight construction directly addresses this. Ordinal regression has

also been applied effectively in related severity grading domains. Gao et al. (2024)

applied a CORAL-based framework to cardiovascular disease risk stratification from

retinal fundus images, showing that ordinal supervision provides consistent calibra-

tion advantages over cross-entropy even when backbone performance is held constant.

Diabetic retinopathy grading (Bellaj et al., 2026) has shown the same pattern across

multiple backbone architectures. To the best of our knowledge, ordinal regression had

not been applied to plant disease severity grading prior to this thesis.

2.3 Plant Disease Classification and Severity Esti-

mation

This section situates the thesis within the broader plant disease vision literature.

The single-task classification subsection reviews the backbone trajectory inherited

from the wider literature and explains why flat compound labels limit prior approaches.
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The multitask subsection identifies the specific prior models that DCSC is compared

against and the shared architectural assumption that none of them has yet broken.

2.3.1 Single-Task Plant Disease Classification

Automated plant disease classification has closely tracked the evolution of visual

backbones reviewed in Section 2.1. The earliest approaches used hand-crafted fea-

tures such as colour histograms, local binary patterns, and Gabor texture descriptors

combined with SVM classifiers (Gulhane and Gurjar, 2011; Dutot et al., 2013; Sabrol

and Satish, 2016; Kurmi et al., 2022). These worked reasonably well in controlled

laboratory imaging conditions but degraded under field variability. Inconsistent illu-

mination, background clutter, leaf overlap, and the large within-class visual variation

of field-collected disease samples all caused performance to drop sharply (Brahimi

et al., 2018; Picon et al., 2019).

The PlantVillage dataset (Hughes and Salathé, 2015), containing over 54,000 lab-

photographed leaf images across 26 diseases, established the first large-scale bench-

mark and enabled CNN-based approaches to demonstrate near-human performance

in the controlled setting. Deep CNNs pre-trained on ImageNet and fine-tuned on

PlantVillage achieved classification accuracies above 99% in the lab (Mohanty et al.,

2016), though performance dropped substantially when the same models were ap-

plied to field-collected images (Brahimi et al., 2018). Subsequent work improved field

robustness through data augmentation, domain adaptation, and architectures with

larger effective receptive fields (Ferentinos, 2018; Chen et al., 2020; Yang et al., 2020).

A structural limitation shared by all single-task CNN classifiers is the flat label for-

mulation: a single softmax output over compound labels that conflate species, disease,

and severity into one category index. A model trained with this formulation cannot

exploit the natural hierarchical structure of the label space, because the relationships

between categories such as apple and tomato sharing no diseases, or rust and early

blight requiring disease-specific severity criteria, are invisible to the loss function. This

limitation directly motivates the multitask formulations reviewed next.

Vision Transformers subsequently surpassed CNN baselines on multiple agricul-

25



tural benchmarks. The Swin Transformer proved particularly well-suited to leaf dis-

ease images, where discriminative features span multiple spatial scales, from fine-

grained lesion textures at the microscopic level to coarse lesion distributions at the

whole-leaf level. Tai et al. (2023) achieved state-of-the-art results on cassava leaf

disease classification with a lightweight vision transformer, and Wang et al. (2022b)

demonstrated strong performance on cucumber leaf diseases under small-sample con-

ditions. Despite these improvements, all these models remain single-task classifiers

that carry the flat-label limitation described above.

2.3.2 Multitask Disease-Severity Models

The limitation of flat compound labels motivated the development of multitask

formulations for joint plant disease and severity prediction. The relevant prior models

reviewed below share a structural assumption that none of them has yet broken: all

impose a single shared severity decision boundary across all disease classes.

Liang et al. (2019) proposed PD2SE-Net, the first large-scale multitask model for

joint disease and severity prediction, built on ShuffleNet-v2. PD2SE-Net uses inde-

pendent prediction heads from a shared backbone with no mechanism for disease-

to-severity conditioning. Wang et al. (2022a) extended this with the Dual-Stream

Hierarchical Bilinear Pooling model (DHBP), which uses compact bilinear pooling to

model feature interactions between disease and severity feature streams. DHBP is a

step toward inter-task feature interaction, but the bilinear pooling operation is sym-

metric and global: it models a joint feature distribution rather than conditioning the

severity feature space on the discrete disease prediction, which is what the asymmetric

conditional dependency requires. Keceli et al. (2022) proposed a multi-branch system

for joint crop and disease classification, confirming the utility of task-specific branches

but again without cross-task conditioning.

The most directly relevant prior work is the Triple-branch Swin Transformer Clas-

sification (TSTC) network of Yang et al. (2023). TSTC uses a Swin Transformer

backbone with compact bilinear pooling and a five-loss deep supervision module for

simultaneous disease-type and severity classification. On AI Challenger 2018 with
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an 80/20 random split, TSTC achieves 99.00% disease accuracy and 88.73% severity

accuracy, which represents the prior state of the art. In the fixed-split reproduction

analysed in Chapter 3, the TSTC severity confusion matrix contains 335 instances

of serious predicted as general and 187 instances of general predicted as serious.

The pronounced serious-to-general error is consistent with a disease-agnostic severity

boundary. TSTC’s near-ceiling disease accuracy suggests that this severity confusion

is not simply a consequence of weak disease recognition; the architecture provides no

mechanism for adapting the severity boundary to the predicted disease.

Yang et al. (2024b) proposed LDI-NET, a single-branch multi-label CNN-

Transformer framework that simultaneously predicts species, disease, and severity.

LDI-NET reports a general -severity accuracy of only 81.49%, with overall severity

accuracy of 88.55%, confirming that the general-serious confusion persists even with

a stronger and more complex architecture. Both TSTC and LDI-NET share the same

structural assumption: a single disease-agnostic severity decision boundary. DCSC

is the first model to reject this assumption explicitly, and the combination of FiLM-

based cross-task conditioning with CORAL ordinal supervision proposed in Chapter 3

is designed to address both the disease-conditioned boundary problem and the ordinal

consistency problem simultaneously.

2.4 Generative Modelling for Data Augmentation

The second contribution of this thesis addresses the generative side of plant disease

analysis. Field-collected agricultural datasets are often highly class-imbalanced, with

early-stage disease cases being particularly scarce. This scarcity limits both model

training and evaluation, since the most agronomically important cases are also the

least represented in the data. The central question, therefore, is how to synthesise

early-stage disease imagery that is not only visually realistic but also morphologically

faithful to expert descriptions of disease symptoms.

KGDC-Diffusion is proposed to address this problem. While DCSC focuses on

recognition by conditioning severity estimation on disease identity, KGDC-Diffusion
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focuses on data generation by conditioning synthesis on retrieved morphological knowl-

edge. This section reviews generative modelling approaches for agricultural data aug-

mentation, identifies the conditioning failures that motivate the KGDC-Diffusion de-

sign, and justifies the use of retrieval-augmented conditioning.

2.4.1 Generative Adversarial Networks

Generative Adversarial Networks (Goodfellow et al., 2014) established the first

practical framework for high-fidelity image synthesis. A GAN trains a generator net-

work G to produce images that fool a discriminator network D, with D trained simul-

taneously to distinguish generated images from real ones. The adversarial objective

pushes G toward producing images that lie within the real image distribution. Con-

ditional GANs (Mirza and Osindero, 2014) extended this framework by conditioning

both G and D on a class label, enabling category-specific generation.

For agricultural augmentation specifically, GAN-based approaches have shown con-

sistent but modest gains. Lu et al. (2022) survey the field comprehensively, Espejo-

Garcia et al. (2021) combined DCGAN with transfer learning for weed image gener-

ation, and Abbas et al. (2021) used a Conditional GAN to synthesise tomato disease

images, reporting 1 to 4% downstream classification accuracy improvements. These

results confirm that generative augmentation is a viable strategy for agricultural vi-

sion, but they do not address the fundamental limitation of GANs in the low-data

regime: mode collapse. When training data for a target class is scarce, the GAN

generator converges to a small number of high-confidence output modes that satisfy

the discriminator, rather than exploring the full diversity of the target distribution

(Creswell et al., 2018). For early-stage disease images, the defining visual features

are precisely the subtle, diverse signs that appear before infection consolidates into a

recognisable canonical pattern. Mode collapse eliminates exactly this diversity. This is

confirmed quantitatively in Chapter 4: StyleGAN3 achieves high Precision (0.82) but

Recall of only 0.09 on the SoySeverityDataset, meaning it generates images that look

individually plausible but covers only a small fraction of the real data distribution.
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2.4.2 Latent Diffusion Models and Spatial Conditioning

The mode collapse and training instability problems of GANs were substantially

resolved by Denoising Diffusion Probabilistic Models (DDPM) (Ho et al., 2020). A

DDPM defines a forward process that gradually adds Gaussian noise to a real image

over T timesteps and trains a neural network to reverse this process by predicting

and subtracting the noise at each step. Because the training objective is a simple

mean-squared error on noise prediction rather than an adversarial game, the training

dynamics are stable and the learned model covers the full data distribution rather

than collapsing to a subset of modes. Figure 2.5 illustrates the forward and reverse

processes. Dhariwal and Nichol (2021) showed that classifier-guided diffusion models

surpass GANs on FID, Precision, and Recall across all standard benchmarks, with

the Recall gains being as large as the FID gains, confirming that diffusion models

genuinely improve distributional coverage rather than just per-sample quality.

Figure 2.5: DDPM forward and reverse diffusion processes.

Latent Diffusion Models (LDMs) (Rombach et al., 2022) improve the computa-

tional feasibility of diffusion by shifting the process into the compressed latent space

of a pre-trained variational autoencoder. With a spatial compression factor of f = 8,

the number of spatial dimensions is reduced by f 2 = 64, making fine-tuning feasible on

a single GPU rather than requiring multi-node infrastructure. The denoising U-Net

within an LDM is conditioned on a text prompt through CLIP (Radford et al., 2021)
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embeddings injected via cross-attention layers:

LLDM = EE(x),ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, τθ(y))∥2

]
(2.6)

where τθ(y) encodes the conditioning signal. ControlNet (Zhang et al., 2023) ex-

tends LDMs with additional spatial conditioning inputs including segmentation masks,

depth maps, and edge maps, through zero-initialised trainable adapter layers appended

to the frozen U-Net encoder. The zero-initialisation ensures that at the start of

ControlNet training, the model’s output is identical to the base LDM, preventing

catastrophic forgetting of the pre-trained weights. ControlNet is directly relevant to

KGDC-Diffusion because it provides a mechanism for constraining the spatial place-

ment of synthesised lesions on the leaf surface, not merely their semantic category.

Figure 2.6 shows the ControlNet adapter design.

Figure 2.6: ControlNet adapter architecture for spatial conditioning of Latent Diffu-
sion Models.

Chen et al. (2024) conducted the first systematic evaluation of diffusion models
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for weed image generation, demonstrating that diffusion-augmented training sets out-

perform GAN-augmented sets across four downstream classifiers. This establishes

diffusion models as the appropriate generative framework for agricultural augmenta-

tion and sets the stage for the remaining question: what conditioning signal should

be used?

2.4.3 The Conditioning Insufficiency Problem

Despite the clear advantages of diffusion models over GANs in terms of sample

diversity and training stability, all existing agricultural diffusion models condition

generation on discrete class labels or generic text strings. This is a fundamentally

impoverished conditioning signal. Consider what happens when a latent diffusion

model trained on soybean disease images receives the class label early blight stage

1 as its conditioning input. The label tells the model nothing specific about what

early blight looks like at stage 1: nothing about the water-soaked brown margins, the

concentric target rings at the lesion centre, the pale chlorotic halo surrounding each

lesion, or the typical lesion diameter at this stage. The model is supposed to learn

these visual properties from the training images associated with that label. But the

early-stage classes are precisely the classes with the fewest training images, because

early infections are transient and difficult to photograph at exactly the right moment

in the field. The model therefore has both the least guidance from its conditioning

signal and the least training data from which to learn compensating priors. The result

is a conditioning insufficiency problem: generated images look like plausible plant

leaves and may even look diseased, but they fail to reproduce the subtle, specific visual

signatures that characterise early-stage infection and differentiate it from late-stage

infection of a different disease.

This problem is not unique to plant pathology. In medical imaging, synthesis of

rare or early-stage findings faces the same challenge. A label such as mild diabetic

retinopathy does not specify what mild retinopathy looks like in terms of microa-

neurysm count, haemorrhage distribution, or vessel calibre changes, and early-stage

retinopathy images are exactly the scarce class. The conditioning insufficiency prob-
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lem is therefore a broadly relevant open problem in conditional generative modelling

for specialised scientific domains.

2.4.4 Retrieval-Augmented Generation as a Conditioning

Strategy

Given that the problem is an impoverished conditioning signal, the natural question

is where a richer signal should come from. Three alternative strategies are conceivable.

The first is to fine-tune the CLIP text encoder on domain-specific plant pathology

text, giving it better statistical coverage of domain vocabulary. The second is to use

a vision-language model to generate image-specific descriptive captions at training

time, which are then used as conditioning prompts. The third is to retrieve domain-

specific knowledge from a curated expert corpus at inference time and use the retrieved

text as the conditioning prompt. The first option requires substantial compute and

data to fine-tune a large vision-language model. The second option requires a VLM

that can accurately describe early-stage disease morphology from images, but early-

stage images are scarce and are unlikely to be well-represented in the VLM’s training

distribution, so the generated descriptions will be generic. The third option, retrieval,

does not require retraining any large model. The knowledge base is authored by

a domain expert, validated for accuracy, and used at inference time without any

modification to the base diffusion model.

Retrieval-Augmented Generation (RAG) (Lewis et al., 2020) was developed in nat-

ural language processing to ground language model outputs in dynamically retrieved

factual context, mitigating hallucination on knowledge-intensive tasks. The core mech-

anism encodes a curated knowledge base into dense vector embeddings, then at query

time retrieves the most semantically relevant documents by cosine similarity and in-

jects their content into the model’s prompt. This allows the model to produce outputs

grounded in specific, expert-verified facts without retraining. The use of retrieved

botanical morphological descriptors to condition a latent diffusion model—replacing

bare class labels with expert-authored visual specifications retrieved for each query—is
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the specific contribution of the KGDC-Diffusion framework. To the best of our knowl-

edge, this represents the first application of retrieval-augmented conditioning to a

generative vision model in the botanical domain.
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Chapter 3

Visual State Space Model for

Disease-Conditioned Severity

Identification

3.1 Introduction

Severity-aware disease identification requires more than recognising the disease

present in an image. It also requires estimating how far the disease has progressed,

and this estimation is inherently dependent on the disease identity itself. The same

visible extent of damage may indicate different severity levels for different pathogens,

because each disease produces distinct lesion structures, colour changes, spatial spread

patterns, and tissue responses. This chapter introduces Disease-Conditioned Severity

Calibration (DCSC), a VMamba-based multitask framework that makes this depen-

dency explicit by conditioning the severity prediction pathway on the predicted disease

identity.

Chapter 2 showed that this dependency is absent from prior plant disease multitask

models. Existing approaches treat severity as a disease-agnostic categorical task and

apply a single shared severity decision boundary across all disease classes. The result

is the systematic general-to-serious confusion pattern documented in the TSTC (Yang

et al., 2023) and LDI-NET (Yang et al., 2024b) confusion matrices, with hundreds of

severity errors in each direction across thousands of test images. DCSC addresses this
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limitation directly by replacing a disease-agnostic severity pathway with a disease-

conditioned one.

The core diagnostic insight behind the design is one that practising plant pathol-

ogists apply routinely. When a pathologist grades disease severity in the field, they

do not use a universal visual ruler. They first identify the disease, then apply disease-

specific criteria for what general and serious severity look like for that particular

pathogen. A scab infection occupying twenty percent of the leaf surface may be clas-

sified as serious because the lesions are deep and necrotic, while a rust infection at

the same coverage may be classified as general because the pustules are shallow and

uniformly distributed. The visual manifestation of severity is therefore conditional on

disease identity. This observation is intuitive to a domain expert but is not explicitly

encoded in existing multitask plant disease architectures.

DCSC encodes this prior architecturally. The framework uses the VMamba-Small

backbone justified in Section 2.1 of Chapter 2 to produce a shared visual representa-

tion, applies a disease classification head, and then modulates the severity feature space

through Feature-wise Linear Modulation (FiLM) conditioned on the predicted disease

identity. The modulated severity features feed a two-head severity stack, a CORAL

ordinal regression head that encourages rank-consistent cumulative predictions and a

disease-conditioned prototype head that imposes ordinal geometry in feature space.

The class probabilities are then fused, with an Earth Mover’s Distance loss providing

distributional smoothing. On AI Challenger 2018 under a five-seed 70/15/15 fixed-

split protocol, DCSC achieves 98.51% disease accuracy and 92.30% severity accuracy

with a soft severity MAE of 0.0909. On the Rice Leaf Severity dataset, where disease

accuracy reaches the ceiling for all evaluated methods, DCSC achieves a soft severity

MAE of 0.031, a reduction of 79% over the VMamba baseline.

3.2 Proposed Methodology

The DCSC framework comprises a shared visual backbone, a disease classification

head, a FiLM-based disease-conditioned severity modulation block, and a two-head
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severity stack combining a CORAL ordinal regression head and a disease-conditioned

prototype head, trained alongside an EMD distributional smoothing loss. The ar-

chitecture is shown in Figure 3.1. This section first formalises the joint prediction

problem, then describes the overall architecture, and finally specifies each of the in-

novations (FiLM modulation, CORAL ordinal regression, disease-conditioned severity

prototypes, and EMD smoothing) along with the combined training objective.

Let X denote the space of input leaf images, Yd = {0, 1, . . . , Kd − 1} the discrete

space of Kd disease classes, and Ys = {0, 1, 2} the ordinal severity space with 0 cor-

responding to healthy, 1 to general, and 2 to serious. The number of disease classes

Kd is dataset-specific: Kd = 20 for AI Challenger 2018 and Kd = 4 for the Rice

Leaf Severity dataset. The joint multitask prediction problem is to learn a function

f : X → Yd × Ys. In existing multitask formulations such as TSTC and LDI-NET,

f is decomposed into a shared backbone ϕ : X → RD that produces a D-dimensional

representation h, followed by two independent prediction heads gd : RD → Yd and

gs : RD → Ys. The independence assumption is that gs(h) does not depend on gd(h),

so the severity head applies a single decision boundary across all disease classes. The

DCSC formulation rejects this independence assumption. The severity head is re-

formulated as gs(h, ŷd) where ŷd = gd(h) is the predicted disease identity, and the

conditioning is implemented as a feature transformation of the severity branch rather

than as an additional input concatenation.

3.2.1 Architecture Overview

The backbone ϕ is VMamba-Small (Liu et al., 2024), which produces a D = 768

dimensional feature representation h ∈ RD after global average pooling of the final

stage output. To summarise the justification developed in Section 2.1: VMamba’s 2D

Selective Scan operates at linear computational cost with respect to spatial resolution,

it matches Swin Transformer-Small on standard recognition benchmarks so backbone

strength is held constant against the most directly competing prior work, and its

content-sensitive selective gating aligns with the spatially non-local nature of severity

assessment across a whole-leaf image. The backbone is initialised from the ImageNet-
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Figure 3.1: DCSC architecture. The shared VMamba-Small backbone feeds a disease
head and a severity projection. The predicted disease identity drives a FiLM generator
that modulates the severity feature space. CORAL cumulative outputs are converted
to a three-class distribution and fused with the disease-conditioned prototype distri-
bution. Training uses disease cross-entropy, CORAL, prototype, and Earth Mover’s
Distance objectives.
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1K pre-trained checkpoint and fine-tuned end-to-end as part of the DCSC training

procedure. Both the disease and severity heads draw from the same pooled feature

h, ensuring that the backbone learns a single representation that supports both tasks

rather than encoding task-specific features in disjoint regions.

The disease head is a single linear layer applied to the pooled backbone feature:

zd = Wdh+ bd, Wd ∈ RKd×D, bd ∈ RKd . (3.1)

The predicted disease identity is obtained by the standard argmax decision ŷd =

argmaxk zd[k]. The simplicity of this head is intentional. Disease classification on the

benchmarks considered here is close to the ceiling for any reasonable backbone (TSTC

reports 99% and DCSC reports 98.51%), so a richer disease head would yield no mea-

surable improvement. The architectural innovation of DCSC is therefore concentrated

on the severity pathway where the structural gap lies.

3.2.2 FiLM-Based Disease-Conditioned Severity Modulation

The pooled backbone feature is projected into a severity-specific feature space

through a layer-normalised linear transformation:

fsev = LayerNorm(Wsh+ bs), Ws ∈ RD×D. (3.2)

The disease conditioning signal is the predicted disease identity c. During the first 20

training epochs, c is set to the ground-truth disease label yd to prevent noise from an

untrained disease head from disrupting the severity modulation pathway. After epoch

20 the conditioning signal switches to the predicted disease identity ŷd, matching

the inference setting. This curriculum design is consistent with standard practice in

conditional training where the conditioning signal is itself a learned prediction.

The conditioning signal is embedded and passed through a two-layer multilayer
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perceptron that produces the FiLM scale and shift parameters:

ec = Embedding(c) ∈ RDe , [γ,β] = MLPFiLM(ec), γ,β ∈ RD. (3.3)

The modulated severity feature is the element-wise affine transformation:

f̃sev = γ ⊙ fsev + β, (3.4)

where ⊙ denotes element-wise multiplication. The interpretation is direct. For each

disease class c, the FiLM generator produces a specific pair (γc,βc) that scales and

shifts each dimension of the severity feature space independently. Different diseases

produce different modulation parameters, so the effective severity feature space dif-

fers across diseases. A general lesion in rust and a general lesion in early blight,

after passing through their respective FiLM transformations, occupy different regions

of the modulated feature space, and the downstream severity decision boundary can

be calibrated for each disease individually. The justification for choosing FiLM over

alternatives such as cross-attention, concatenation conditioning, or hypernetwork con-

ditioning was developed in Section 2.2.2 of Chapter 2.

3.2.3 CORAL Ordinal Severity Head

The modulated severity feature feeds a CORAL (Cao et al., 2020) ordinal regression

head. Severity is ordinal: the visual progression from healthy through general to seri-

ous is ordered, and a serious-to-healthy error is more severe than a serious-to-general

error. Standard cross-entropy does not encode this ordering. CORAL represents it by

decomposing the three-class prediction into binary cumulative subtasks. For severity

labels s ∈ {0, 1, 2}:

P (ŷs > k) = σ(w⊤f̃sev + bk), k ∈ {0, 1}, (3.5)

where w ∈ RD is a single weight vector shared across both binary subtasks and

bk ∈ R are rank-specific scalar biases. The shared weight constraint guarantees by
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construction that P (ŷs > 0) ≥ P (ŷs > 1), which means the model is architecturally

incapable of producing rank-inconsistent severity predictions. The CORAL loss is the

sum of the two binary cross-entropies:

LCORAL = − 1

B

B∑
i=1

1∑
k=0

[
1[y(i)s > k] log σ(z

(i)
k ) + 1[y(i)s ≤ k] log(1− σ(z

(i)
k ))

]
, (3.6)

where B is the batch size and z
(i)
k is the logit for sample i at rank k. The shared-weight

construction encourages ordinally coherent cumulative outputs. It prevents rank-

inconsistent cumulative predictions, but it does not eliminate class misclassification.

The CORAL-only hard prediction can be recovered as ŷs,CORAL =
∑1

k=0 1[σ(zk) > 0.5];

the final DCSC prediction instead uses the fused distribution defined below.

3.2.4 Disease-Conditioned Severity Prototypes

In parallel with the CORAL head, the modulated severity feature is scored against

a learnable prototype matrix P ∈ RKd×3×D, where P[k, s, :] is the prototype for disease

k at severity level s. The severity logit for class s is the scaled cosine similarity between

the modulated feature and the disease-specific prototype:

zproto[s] =
f̃sev ·P[c, s, :]

τ ∥f̃sev∥ ∥P[c, s, :]∥
, s ∈ {0, 1, 2}, τ = 0.1. (3.7)

The prototype geometry is regularised during training by an ordinal loss that enforces,

for every disease k, that the healthy–general prototype distance is smaller than the

healthy–serious distance, and that the general–serious distance is smaller than the

healthy–serious distance:

Lproto =
1

Kd

Kd∑
k=1

[
ReLU(∥Pk,0 −Pk,1∥ − ∥Pk,0 −Pk,2∥+m1)

+ ReLU(∥Pk,1 −Pk,2∥ − ∥Pk,0 −Pk,2∥+m2)
]
,

(3.8)

with margins m1 = 0.3 and m2 = 0.15, selected by grid search on the validation set.

The prototype head therefore imposes an explicit ordinal geometry on the severity
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feature space. Because CORAL produces two cumulative outputs while the prototype

head produces three class logits, fusion is performed in a common three-class proba-

bility space. Let q0 = P (ys > 0) and q1 = P (ys > 1). The CORAL and prototype

distributions are

pCORAL = [1− q0, q0 − q1, q1], pproto = softmax(zproto). (3.9)

The final distribution is

p = α1pCORAL + α2pproto, α1, α2 ≥ 0, α1 + α2 = 1, (3.10)

with fusion weights selected by Optuna Tree-structured Parzen Estimator (TPE)

search on the validation combined score. The hard prediction is ŷs = argmaxk pk,

while the expected severity used for soft MAE is ỹs =
∑2

k=0 kpk.

3.2.5 Earth Mover’s Distance Loss for Distributional

Smoothing

The CORAL loss encourages rank consistency in the cumulative probabilities, but

it does not explicitly encode the geometric distance between severity classes. An ad-

ditional Earth Mover’s Distance (EMD) loss (Hou et al., 2016) provides distributional

smoothing. The EMD loss is computed on Gaussian-smoothed versions of the one-hot

severity labels. For a severity label ys ∈ {0, 1, 2}, the smoothed target is:

qk =
exp(−(k − ys)

2/2σ2)∑2
j=0 exp(−(j − ys)2/2σ2)

, k ∈ {0, 1, 2}, (3.11)

with σ = 0.5. The EMD loss is the squared cumulative difference between the pre-

dicted severity distribution and this smoothed target:

LEMD =
1

B

B∑
i=1

2∑
k=0

(
k∑

j=0

(p
(i)
j − q

(i)
j )

)2

, (3.12)
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where p
(i)
k is the predicted probability of severity class k for sample i. EMD penalises

a serious-predicted-as-healthy error more than a serious-predicted-as-general error,

complementing the rank-consistency guarantee of CORAL with an explicit penalty

proportional to ordinal distance.

3.2.6 Combined Loss and Training

The full DCSC training objective combines the disease classification loss, the

CORAL severity loss, the prototype regularisation loss, and the EMD distributional

smoothing loss:

LDCSC = λdLdisease + λcLCORAL + λpLproto + λeLEMD, (3.13)

with weights λd = 2.0, λc = 1.5, λp = 0.3, and λe = 0.3. The disease loss carries the

largest weight because it provides the supervision signal for the FiLM conditioning

pathway. Without an accurate disease prediction, the FiLM modulation cannot apply

the correct severity-decision-boundary transformation. The CORAL weight is moder-

ate, reflecting that ordinal supervision is important but not dominant. The prototype

and EMD weights are small because they act as geometric and distributional regu-

larisers rather than primary supervision signals. These weights were selected using

an Optuna Tree-structured Parzen Estimator (TPE) search over a discretised four-

dimensional weight lattice (λd ∈ [1.50, 2.50], λc ∈ [1.00, 2.50], λp, λe ∈ [0.10, 0.60], in

steps of 0.25 or 0.10), jointly tuned alongside learning rate, warm-up, dropout, and

the FiLM curriculum schedule; 80 of the 1,260 possible weight combinations were

evaluated, and the resulting configuration was held fixed across both datasets.

42



3.3 Experimental Results

This section presents the experimental setup, baselines, and main quantitative

results on AI Challenger 2018 and the Rice Leaf Severity dataset, followed by paired

statistical significance testing.

3.3.1 Datasets and Implementation

DCSC is evaluated on two complementary plant disease datasets. The AI Chal-

lenger 2018 plant disease dataset (AI Challenger, 2018) consists of 30,215 leaf images

across multiple host species, disease types, and severity grades. Following the prepro-

cessing protocol of Yang et al. (2023), the 61 original species-disease-severity combina-

tions are rearranged into two independent label spaces: 20 disease classes (with three

diseases that lack severity annotations excluded) and three ordinal severity levels. The

dataset is partitioned into train, validation, and test splits in a 70/15/15 ratio using

stratified sampling on joint disease-severity labels, with the split held fixed across all

methods and all random seeds. This protocol is more rigorous than the 80/20 split

with no held-out test set used in the original TSTC paper, and one consequence is

that absolute accuracy numbers reported in this thesis differ from those in the original

TSTC publication.

The Rice Leaf Severity dataset (Ritharson, 2024) contains 2,826 training images

and 180 test images across four rice disease classes and three severity grades. The

training set is further partitioned into train and validation subsets in an 80/20 ratio

using stratified sampling on joint labels. In the multitask setting, disease accuracy

reaches 100% for most modern backbones on this dataset, which means the sever-

ity grading task can be evaluated in isolation from disease classification difficulty.

Figure 3.2 shows representative samples from AI Challenger 2018. The visual bound-

ary between general and serious severity differs substantially across diseases, which

is the empirical manifestation of the disease-conditional severity ambiguity DCSC is

designed to address.

DCSC is implemented in PyTorch with VMamba-Small initialised from the
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Figure 3.2: Representative samples from AI Challenger 2018 illustrating the disease-
conditional nature of severity criteria. The visual boundary between general and
serious severity varies substantially across disease types, which motivates the disease-
conditioned modulation mechanism in DCSC.

ImageNet-1K pre-trained checkpoint and fine-tuned end-to-end. The optimiser is

AdamW with a base learning rate of 2 × 10−4, a minimum learning rate of 10−6,

and weight decay 0.05. The learning rate schedule is cosine annealing with 15 warmup

epochs over a total of 150 training epochs. Batch size is 32, dropout is 0.1, the

FiLM curriculum threshold is Tgt = 20 epochs, and the EMD smoothing parameter is

σ = 0.5. Training augmentation consists of RandomResizedCrop to 224 × 224 pixels

and RandomHorizontalFlip, followed by ImageNet mean-standard deviation normal-

isation. Evaluation uses a deterministic resize to 224 × 224 pixels with no test-time

augmentation. The hyperparameter configuration was tuned on AI Challenger 2018

and applied without modification to the Rice Leaf Severity dataset, which demon-

strates that the chosen setup is not overfit to a specific benchmark. All experiments

are run with five random seeds (42, 123, 456, 789, 1011). Results are reported as mean

and standard deviation across the five seeds. Statistical significance is tested using

paired t-tests on the per-seed metric values.
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3.3.2 Baselines and Evaluation Metrics

DCSC is compared against three groups of baselines. The first group contains the

two strongest published multitask disease-severity models. TSTC (Yang et al., 2023)

uses a Swin-Tiny backbone with three Compact Bilinear Pooling-fused branches and

a five-loss deep supervision scheme. LDI-NET (Yang et al., 2024b) uses a ViT-B/16

backbone in a single-branch multi-label CNN-Transformer configuration. Both are

reimplemented using the hyperparameters reported in their original papers and eval-

uated on the same fixed 70/15/15 split as DCSC, which means the absolute numbers

reported here differ from the original publications. The second group is a VMamba

baseline that holds the backbone constant and removes the DCSC innovations. This

baseline uses the same VMamba-Small backbone as DCSC but replaces the FiLM-

modulated CORAL severity head with two independent linear classification heads

(one for disease, one for severity) trained under standard cross-entropy. The purpose

is to isolate the contribution of FiLM and CORAL from any contribution arising purely

from the choice of backbone. The third group is a set of two-head backbone baselines

using ResNet-50 (He et al., 2016), VGG-16 (Simonyan and Zisserman, 2015), Swin-

Tiny (Liu et al., 2021), and InceptionV3 (Szegedy et al., 2016), each with a shared

ImageNet-pretrained backbone and two independent MLP heads. These baselines

establish a backbone-diversity reference point.

Four metrics are reported throughout the experiments. Disease accuracy (DA) is

the top-1 disease classification accuracy on the test set. Severity accuracy (SA) is the

top-1 accuracy of the hard prediction ŷs = argmaxk pk. The combined score is the

unweighted mean of DA and SA. The reported severity mean absolute error is soft

MAE, computed from the expected severity ỹ
(i)
s =

∑2
k=0 kpi,k:

MAEsoft =
1

N

N∑
i=1

∣∣ỹ(i)s − y(i)s

∣∣ . (3.14)

Unlike hard-label MAE, soft MAE uses the full predictive distribution and cannot be

reconstructed directly from a hard confusion matrix.
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3.3.3 Results on AI Challenger 2018

Table 3.1 reports five-seed test results on AI Challenger 2018. DCSC achieves

the best combined score, the best severity accuracy, and the lowest soft MAE across

all evaluated methods. Disease accuracy is competitive with the strongest baseline,

though as expected the differences in DA across modern backbones are small because

disease accuracy is close to the ceiling on this benchmark.

Table 3.1: Five-seed test results on AI Challenger 2018 (70/15/15 fixed split). Bold
indicates the best value in each column. DA = disease accuracy, SA = hard severity
accuracy, Comb = unweighted mean of DA and SA, and Soft MAE is computed from
the expected severity.

Method Backbone DA (%) SA (%) Comb (%) Soft MAE

Proposed method

DCSC (ours) VMamba-S 98.51 ± 0.23 92.30 ± 0.47 95.40 ± 0.29 0.091 ± 0.014

Reproduced multitask baselines

TSTC (Yang et al., 2023) Swin-T 96.72 ± 0.98 90.27 ± 1.27 93.50 ± 1.09 0.099 ± 0.012

LDI-NET (Yang et al., 2024b) ViT-B/16 97.45 ± 0.96 90.61 ± 0.82 94.03 ± 0.44 0.094 ± 0.008

VMamba baseline VMamba-S 98.39 ± 0.22 91.01 ± 0.18 94.70 ± 0.14 0.211 ± 0.006

Two-head backbone baselines

ResNet-50 ResNet-50 98.33 ± 0.41 90.21 ± 0.60 94.27 ± 0.38 0.099 ± 0.006

VGG-16 VGG-16 96.71 ± 0.56 90.77 ± 0.65 93.74 ± 0.49 0.094 ± 0.006

Swin-Tiny Swin-T 97.46 ± 0.65 90.90 ± 1.21 94.18 ± 0.97 0.092 ± 0.012

InceptionV3 IncV3 97.56 ± 0.44 90.34 ± 0.86 93.95 ± 0.56 0.093 ± 0.007

The most informative comparison is the one between DCSC and the VMamba

baseline. The two share the same backbone and differ only in the DCSC severity

components. The VMamba baseline achieves comparable disease accuracy (98.39%

versus 98.51%) and severity accuracy (91.01% versus 92.30%), but its soft severity

MAE is 0.211, more than double the 0.0909 achieved by DCSC. Because soft MAE

is computed from the expected severity rather than hard labels, this result indicates

substantially better ordinal probability calibration; it does not imply a particular ratio

of one-step to two-step hard errors. DCSC reduces soft MAE by 57% without changing

the backbone.

The comparison with TSTC and LDI-NET, the two strongest published baselines,

shows that DCSC improves severity accuracy by 2.03 percentage points over TSTC
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(92.30% versus 90.27%) and 1.69 percentage points over LDI-NET (92.30% versus

90.61%), with MAE reductions of 8% and 3% respectively. The improvements over

the published baselines are smaller in relative terms than the improvement over the

VMamba baseline because TSTC and LDI-NET use ordinal-aware loss terms in their

own designs, but the magnitudes still confirm that the disease-conditioned conditioning

is the missing ingredient and not the backbone choice. The fixed 70/15/15 split

protocol used here is more rigorous than the 80/20 split with no held-out test set

used in the original TSTC and LDI-NET papers. The reproduced TSTC baseline

achieves 90.27% severity accuracy on the 70/15/15 split, compared to the 88.73%

originally reported on the 80/20 split. The difference reflects sample-distribution

differences between the two splits and does not indicate that DCSC’s improvements

are an artefact of the protocol choice. The relative gap between DCSC and TSTC is

preserved under both protocols.

3.3.4 Results on Rice Leaf Severity

Table 3.2 reports results on the Rice Leaf Severity dataset. Disease accuracy

reaches the ceiling at 100% for DCSC, the VMamba baseline, and TSTC, which means

the severity task can be analysed in isolation.

Table 3.2: Five-seed test results on the Rice Leaf Severity dataset. Bold indicates the
best value in each column. Disease accuracy at ceiling for several methods isolates the
severity contribution.

Method Backbone DA (%) SA (%) Comb (%) Soft MAE

DCSC (ours) VMamba-S 100.00 ± 0.00 99.56 ± 0.42 99.78 ± 0.21 0.031 ± 0.007

VMamba baseline VMamba-S 100.00 ± 0.00 98.89 ± 0.35 99.44 ± 0.18 0.149 ± 0.019

TSTC (Yang et al., 2023) Swin-T 100.00 ± 0.00 96.78 ± 1.08 98.39 ± 0.54 0.078 ± 0.018

LDI-NET (Yang et al., 2024b) ViT-B/16 99.56 ± 0.42 97.33 ± 0.82 98.44 ± 0.48 0.073 ± 0.010

InceptionV3 IncV3 99.78 ± 0.27 98.67 ± 0.75 99.22 ± 0.48 0.061 ± 0.010

ResNet-50 ResNet-50 99.89 ± 0.22 98.00 ± 1.03 98.94 ± 0.59 0.068 ± 0.012

Swin-Tiny Swin-T 99.78 ± 0.27 97.44 ± 0.75 98.61 ± 0.46 0.074 ± 0.017

DCSC achieves 99.56% severity accuracy and a soft MAE of 0.031, a reduction

of 79% over the VMamba baseline (soft MAE 0.149). With disease accuracy at or

near the ceiling, this comparison provides a useful isolation of the severity pathway.
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The result supports a consistent benefit from disease-conditioned ordinal supervision

across the two evaluated datasets.

3.3.5 Statistical Significance

Table 3.3 reports paired t-tests for the severity metrics on AI Challenger 2018.

DCSC significantly outperforms both the strongest published multitask baseline

(TSTC) and the VMamba baseline at p < 0.05 on severity accuracy, and at p < 0.01

on soft MAE. Disease accuracy differences are not statistically significant, which is

expected given that disease accuracy is close to the ceiling for all VMamba-based

methods.

Table 3.3: Paired t-test results on AI Challenger 2018 across five seeds. Asterisk
indicates p < 0.05.

Comparison Metric t p

DCSC vs. TSTC Severity Acc. 3.14 0.021∗

DCSC vs. TSTC Soft MAE −4.51 0.003∗

DCSC vs. VMamba baseline Severity Acc. 5.89 0.004∗

DCSC vs. VMamba baseline Soft MAE −13.72 < 0.001∗

3.4 Ablation and Analysis

This section quantifies the contribution of each DCSC component through a five-

seed ablation, then examines the qualitative behaviour of the model through confusion

matrix analysis, feature space visualisation, and per-disease uncertainty quantification.

3.4.1 Component Ablation

Table 3.4 presents the five-seed component ablation results on the AI Challenger

2018 dataset using the fixed 70/15/15 train–validation–test split. The final DCSC ar-

chitecture combines disease-conditioned FiLM modulation, a CORAL ordinal regres-

sion head, a disease-conditioned prototype head, and Earth Mover’s Distance (EMD)

48



regularisation. It achieves a disease accuracy of 98.51%, a severity accuracy of 92.30%,

and the lowest severity MAE of 0.091.

Removing FiLM conditioning reduces disease accuracy from 98.51% to 98.02% and

severity accuracy from 92.30% to 91.81%, while increasing severity MAE from 0.091

to 0.100. This degradation indicates that explicitly conditioning the severity feature

space on the predicted disease identity improves the separation of disease-dependent

severity levels. Without FiLM, the severity head must apply a shared ordinal decision

function across all disease classes, despite differences in their visual severity criteria.

Removing the CORAL head and relying on the prototype head alone reduces

severity accuracy to 91.64% and raises MAE to 0.100, while disease accuracy falls

to 97.67%. The prototype head imposes ordinal geometry in the severity feature

space, but without CORAL the predictions are no longer guaranteed to be rank-

consistent, which is precisely the constraint that prevents the most damaging non-

adjacent severity errors. This confirms that both the disease-conditioned prototype

geometry and CORAL’s rank-consistency constraint are necessary.

The VMamba multitask baseline obtains a comparable disease accuracy but lower

severity accuracy and substantially higher severity MAE. These results indicate that

the improvement of DCSC is not primarily due to disease recognition performance;

instead, it arises from disease-conditioned severity modulation and ordinally informed

severity optimisation.

Table 3.4: Five-seed component ablation study on AI Challenger 2018 using the fixed
70/15/15 train–validation–test split. DA and SA denote disease accuracy and severity
accuracy, respectively. The best result in each column is shown in bold.

Configuration DA (%) SA (%) Soft MAE

Full DCSC (FiLM + CORAL + Prototype + EMD) 98.51± 0.23 92.30± 0.47 0.091± 0.014

DCSC without FiLM conditioning 98.02± 0.28 91.81± 0.53 0.100± 0.005

DCSC without CORAL (prototype only) 97.67± 0.38 91.64± 0.58 0.100± 0.013

VMamba multitask baseline 98.39± 0.22 91.01± 0.18 0.211± 0.006

In general, the ablation results support the complementary roles of the components

evaluated in this study. FiLM introduces an explicit disease-to-severity conditioning

pathway, allowing the severity representation to adapt to disease-specific visual cri-
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teria; CORAL enforces rank-consistent ordinal predictions; the disease-conditioned

prototype head imposes ordinal geometry in the severity feature space; and EMD

complements these objectives by incorporating the magnitude of ordinal prediction

errors. Their combination produces the highest severity accuracy and the lowest MAE

among the evaluated configurations, while retaining disease classification performance

comparable to the VMamba baseline.

3.4.2 Severity Confusion Matrices

Figure 3.3 shows representative fixed-seed severity confusion matrices for the re-

produced TSTC baseline and DCSC on AI Challenger 2018; Table 3.1 reports five-seed

means. The TSTC matrix contains 335 serious-to-general and 187 general-to-serious

errors. DCSC reduces serious-to-general errors by 52.84% (335 to 158), whereas

general-to-serious errors decrease by 1.07% (187 to 185). Healthy–diseased errors

are uncommon but not absent: the TSTC matrix contains 46 such errors and DCSC

contains 5. These hard-count changes are descriptive and distinct from the soft-MAE

significance tests.
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Figure 3.3: Representative fixed-seed severity confusion matrices for the reproduced
TSTC baseline (left) and DCSC (right) on AI Challenger 2018. DCSC reduces serious-
to-general errors from 335 to 158 (52.84%); general-to-serious errors change from 187
to 185. Table 3.1 reports five-seed means.
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3.4.3 Feature Space Analysis

A central claim of DCSC is that FiLM creates disease-specific severity feature sub-

spaces. Figure 3.4 validates this claim by projecting the severity features of all test

samples to two dimensions using UMAP (McInnes et al., 2018), both before FiLM

modulation (using fsev) and after FiLM modulation (using f̃sev). Two quantitative

measures support the qualitative interpretation. The general-to-serious centroid dis-

tance in the projected feature space increases by 34% (from 0.570 to 0.766) after FiLM

modulation. The mean within-disease general-to-serious separation increases by 40%

(from 0.722 to 1.014). Both measurements indicate that the modulated feature space

provides a larger geometric margin between adjacent severity classes for each disease

individually, which is exactly the structure that disease-conditioned conditioning is

intended to produce.

Pre-FiLM (fshared)

GS dist = 0.570

Post-FiLM ( fshared + )

GS dist = 0.766

Healthy General Serious Severity centroid

Figure 3.4: UMAP projections of severity features for all AI Challenger 2018 test
samples, before and after FiLM modulation. The post-FiLM general-to-serious cen-
troid distance increases by 34% (from 0.570 to 0.766) and the mean within-disease
general-to-serious separation increases by 40% (from 0.722 to 1.014), confirming that
FiLM creates disease-specific severity subspaces as designed.
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3.4.4 Per-Disease Error and Uncertainty Quantification

Residual severity MAE in DCSC is not uniformly distributed across diseases. Five

disease classes account for the majority of the remaining error: Puccinia Polysora

(MAE 0.2146), Grape Black Rot (MAE 0.1902), Grape Black Measles (MAE 0.1796),

the merged Early Blight class covering both potato and tomato hosts (MAE 0.1679),

and Corn Curvularia Leaf Spot (MAE 0.1579). All five classes exhibit either contin-

uous symptom progression where the visual boundary between general and serious is

genuinely ambiguous, or multi-host annotation artefacts where the same disease label

aggregates morphologically distinct presentations.

To examine whether this residual error is consistent with intrinsic label ambiguity

rather than disease misclassification propagating through the FiLM pathway, MC-

Dropout (Gal and Ghahramani, 2016) uncertainty quantification was applied. Thirty

stochastic forward passes were performed on each of 4,950 test images with dropout

active at inference time. The five high-MAE diseases showed significantly higher mean

predictive entropy on the severity output than a low-MAE control set (entropy 0.1039

versus 0.0703, p = 1.71 × 10−9). A complementary test substituted the predicted

disease identity with the ground-truth disease label during FiLM modulation. The

uncertainty gap remained nearly identical under fixed ground-truth disease condition-

ing (entropy 0.1030 versus 0.0704, p = 4.42 × 10−9). This pattern is consistent with

residual severity errors clustering on visually or annotationally ambiguous diseases

rather than being explained solely by upstream disease misclassification. MC-Dropout

entropy cannot exclude other causes, including model insufficiency or annotation noise.

3.5 Summary

This chapter introduced DCSC, a disease-conditioned severity calibration frame-

work for plant disease multitask learning. The framework adds FiLM-based disease-

conditioned modulation, CORAL ordinal supervision, disease-conditioned severity

prototypes, and an Earth Mover’s Distance loss to the VMamba-Small backbone. On

AI Challenger 2018 under a five-seed 70/15/15 fixed-split protocol, DCSC achieves
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98.51% disease accuracy and 92.30% severity accuracy with a soft MAE of 0.0909.

The 57% soft-MAE reduction over the VMamba baseline is statistically significant

(p < 0.001). In the representative confusion matrix, serious-to-general errors are

52.84% lower than for the reproduced TSTC baseline; this count reduction is descrip-

tive and was not itself subjected to a significance test. On the Rice Leaf Severity

dataset, where disease accuracy reaches the ceiling, DCSC achieves a 79% soft-MAE

reduction over the VMamba baseline, supporting the benefit of the severity pathway

independently of backbone choice.

The ablation study supports complementary roles for FiLM-based disease-

conditioned modulation, CORAL ordinal regression, the disease-conditioned prototype

head, and Earth Mover’s Distance smoothing. The feature-space analysis shows in-

creased class separation after FiLM, while the MC-Dropout results are consistent with

residual errors concentrating in visually or annotationally ambiguous disease classes.

The next chapter turns to the second contribution of this thesis, Knowledge-Grounded

Depth-Controlled Diffusion (KGDC-Diffusion), which addresses the orthogonal prob-

lem of synthesising morphologically faithful early-stage disease images for data aug-

mentation under class-imbalanced training conditions.
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Chapter 4

Knowledge-Grounded Depth-Controlled

Diffusion for Synthetic Augmentation of

Plant Disease Imagery

4.1 Introduction

Deep learning architectures such as Convolutional Neural Networks (CNNs) and

Vision Transformers (ViT) have demonstrated remarkable capability in precision

agriculture, yet their real-world deployment remains heavily constrained by reliance

on high-quality, class-balanced datasets. In practical field conditions, agricultural

datasets naturally exhibit a pronounced long-tail distribution. Mild-stage examples

are relatively abundant, whereas Early- and Late-stage cases are less represented.

Early-onset symptoms are particularly scarce because the observable window is nar-

row and expert botanical annotation is costly. This imbalance is visible in the Soy-

SeverityDataset described later in this chapter: some disease–severity classes contain

fewer than 40 real training images, while the largest class contains close to 500.

This scarcity cannot be resolved simply by collecting more field images: early-stage

infections are transient, and a research group cannot control when or how often they

occur. The alternative pursued in this chapter is generative augmentation. However,

generating additional images is only useful if those images are trustworthy, that is,

if their visual and statistical properties place them within the same data manifold
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that the real, field-collected images occupy, rather than in some generic or unrelated

region of image space. A synthetic image that looks diseased but does not resemble

the feature statistics of real diseased leaves gives a downstream classifier nothing to

learn from, and may actively mislead it. The central design goal of this chapter is

therefore to synthesise disease–severity images whose distribution overlaps as closely

as possible with the real, scarce field data, so that a classifier trained on the enlarged

dataset generalises to the same kind of images it will encounter at deployment time,

rather than overfitting to the narrow set of real examples available today.

To mitigate these data deficiencies, the computer vision field has pivoted towards

Latent Diffusion Models (LDMs), which offer superior training stability and distri-

butional diversity compared to traditional Generative Adversarial Networks (GANs),

as discussed in Section 2.4. However, standard LDMs fail to accurately capture re-

alistic biological variations when trained on highly imbalanced datasets. This limita-

tion stems from their reliance on discrete class conditioning or simplistic class-name

prompts; these approaches treat fluid, continuous disease progression as isolated, inde-

pendent categories, causing the model to collapse distinct severity phases and struggle

with subtle, evolving lesion morphologies, a failure mode identified in Section 2.4 as

the conditioning insufficiency problem.

To resolve this without the overhead of manual spatial annotation, this chap-

ter proposes KGDC-Diffusion (Knowledge-Grounded Depth-Controlled Diffusion),

a two-stage generative framework optimised for plant disease imagery. Rather than

conditioning generation on bare class names, the framework retrieves expert-curated

morphological descriptions of each disease–severity class using a Retrieval-Augmented

Generation (RAG) pipeline (Lewis et al., 2020), and injects these descriptions into the

cross-attention layers of a Stable Diffusion backbone. This is paired with a depth-only

ControlNet that automatically extracts geometric pseudo-depth maps via zero-shot

monocular estimation, so that the generated leaf geometry stays realistic without re-

quiring hand-drawn lesion masks or hardware depth sensors. Together, these two

conditioning signals allow the framework to synthesise structurally realistic, severity-

specific images that sit inside the real data manifold, are used to balance the long-tailed
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SoySeverityDataset, and measurably improve downstream diagnostic classifiers.

This chapter is organised as follows. Because the retrieval-grounded prompts and

the depth ControlNet both depend directly on the raw data, Section 4.2 describes the

SoySeverityDataset, the botanical text corpus, and the pseudo-depth estimation pro-

cedure first, before any architectural detail is introduced. Section 4.3 then presents

the proposed KGDC-Diffusion framework, covering both the RAG-guided semantic

conditioning stage and the depth-controlled spatial conditioning stage. Section 4.4

describes how the two trained stages are combined at inference time into a synthesis

and targeted-augmentation protocol. Section 4.5 details the experimental settings,

baselines, and implementation to evaluate both the generative quality of images pro-

duced using the KGDC-Diffusion framework and its effect on image classification tasks

when used for data augmentation. Section 4.6 presents the generative and downstream

classification results on the SoySeverityDataset. Section 4.7 reports ablation and sen-

sitivity studies that isolate the contribution of each pipeline component. Section 4.8

examines the computational cost and practical accessibility of the framework. Sec-

tion 4.9 evaluates portability across three external datasets. Finally, Section 4.10

summarises the chapter.

4.2 Real Dataset Collection and Preprocessing

The methodology in Section 4.3 depends on two artefacts derived directly from the

raw images: a botanical text corpus that supplies the descriptive language retrieved by

the RAG module, and a set of pseudo-depth maps that supply the spatial condition

for the ControlNet. Both are constructed from the same underlying dataset. This

section is placed before the architectural description for that reason: the dataset, the

corpus, and the depth maps are the foundation on which the two conditioning stages

are built, and understanding what they contain makes the design choices in Section 4.3

easier to follow.
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4.2.1 SoySeverityDataset

This study presents the SoySeverityDataset, a compilation of soybean leaf im-

ages containing three diseases significant in Indian agriculture: Yellow Mosaic Virus

(YMV), Aerial Blight, and Bacterial Pustule. A plant pathologist at ICAR-NSRI was

consulted to categorise the dataset into three severity levels, Early, Mild, and Late,

based on clear morphological criteria established for each disease. The raw images were

obtained from an in-house soybean disease image collection previously reported by our

laboratory (Gudge et al., 2025), which provided disease-class labels but not severity

annotations; the contribution of this chapter is to add expert-validated severity la-

bels to this collection. Because annotation was validated by a single domain expert,

inter-annotator agreement statistics such as Cohen’s κ are not applicable, which we

acknowledge as a limitation. All images are resized to 512×512 resolution to keep the

computational cost of the generative pipeline manageable. The dataset additionally

includes a Healthy class of 700 images, yielding a total of 2,803 annotated samples.

The data is partitioned into training, validation, and test sets using stratified sampling

with a 70:15:15 split; only the training partition is used for generative model training,

RAG conditioning, and pseudo-depth extraction, while the validation and test par-

titions are reserved exclusively for downstream classifier selection and evaluation, so

that no held-out image ever influences the generative pipeline. The severity-annotated

images, labels, and split files are deposited on Zenodo (Vashistha, 2026) to support

reproducibility. Figure 4.1 illustrates the pronounced natural class imbalance present

in the field-collected data, which motivates the augmentation strategy developed in

Section 4.4.

4.2.2 Botanical Text Corpus

A class-name prompt such as “mild Bacterial Pustule” tells a diffusion model

almost nothing about what mild Bacterial Pustule actually looks like: it says nothing

about lesion colour, shape, spread across the leaf, or texture. To give the model

something more useful to condition on, this section builds a small text corpus, written
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Figure 4.1: Class-wise distribution of the SoySeverityDataset across disease categories
and severity levels, highlighting the natural long-tail class imbalance present in field-
collected samples.

with a plant pathologist, that describes what each disease–severity class looks like in

plain visual terms. This corpus is the knowledge base that Stage I retrieves from at

generation time, and its construction is described here rather than in the methodology

section because it does not depend on any part of the diffusion pipeline; it only depends

on the disease and severity labels already established in Section 4.2.1.

For each of the ten disease–severity classes (the nine disease classes plus Healthy),

we wrote eight short natural-language descriptions of 15–25 words each, kept short

because CLIP ViT-L/14, the text encoder used later in Stage I, truncates any prompt

beyond 77 tokens. Rather than writing eight near-identical sentences, each of the eight

entries for a class was written to emphasise a different visual detail: the overall appear-

ance, the shape of individual lesions, where the lesions sit on the leaf, the colour, the

surface texture, roughly how much of the leaf is covered, what the leaf looks like when

photographed in the field, and a description anchored to the underlying pathogen.

Writing the entries this way, rather than as eight paraphrases of the same sentence,

means that when the corpus is later embedded into a vector space (Section 4.3.1), the
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eight entries for a class do not collapse to nearly the same point; retrieving different

entries genuinely returns different visual information rather than a reworded copy of

the same description. Table 4.1 shows two representative entries per class; the full

80-entry corpus is provided in the supplementary material.

Table 4.1: Representative entries from the botanical knowledge corpus (two per class
shown). The full corpus of 80 entries is provided in the supplementary material.

Class Emphasis Prompt Text

Aerial Blight –
Early

BASE A soybean leaf with early symptoms of Aerial
Blight, showing small water-soaked spots at
the leaf tip.

Aerial Blight –
Early

MARGIN Soybean leaflet with initial Aerial Blight
signs, faint grey-green patches along one
margin, otherwise green.

Bacterial Pustule
– Mild

BASE A soybean leaf showing mild Bacterial
Pustule, with visible pustules and slight
yellowing around them.

Bacterial Pustule
– Mild

TEXTURE Mid stage Bacterial Pustule on a soybean
leaf, densely speckled with raised tan
pustules and faint yellow halos.

Yellow Mosaic
Virus – Late

BASE A soybean leaf with severe yellow mosaic
symptoms, extensive discoloration, and
deformation from late stage infection.

Yellow Mosaic
Virus – Late

VEIN Late Yellow Mosaic Virus on a soybean leaf,
mostly yellow surface with thin green strips
along the major veins.

Healthy BASE A healthy green soybean leaf with smooth
texture, uniform colour, and no visible
disease symptoms.

Healthy COLOR Disease free soybean leaflet, uniform emerald
green colour, turgid and intact, ready as a
healthy reference.

4.2.3 Pseudo-Depth Estimation

While the botanical corpus supplies the text side of the conditioning used in Stage I,

Stage II (Section 4.3.2) additionally needs a spatial signal that tells the ControlNet
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what shape a leaf takes, so that generated lesions sit on a plausible leaf surface rather

than a flat or arbitrary background. Collecting this kind of information normally

requires either a depth sensor or manually drawn lesion masks, neither of which is

available for the SoySeverityDataset and both of which would be expensive to add

retroactively. Instead, every training image is passed once through the pre-trained

DepthAnything model (Yang et al., 2024c), which performs zero-shot monocular depth

inference and produces a relative pseudo-depth map without requiring any training on

our data. The resulting maps are min–max normalised to [0, 1] and cached alongside

the images. No manual spatial annotation, depth sensor, or lesion mask is required

at any stage. These pseudo-depth maps are used directly as the spatial condition cI

that constrains the coarse structural layout of the generated leaves during Stage II

inference.

4.3 Proposed Methodology

With the dataset, the botanical corpus, and the pseudo-depth maps established

in Section 4.2, this section describes how KGDC-Diffusion uses them. The proposed

framework comprises two functionally distinct trained stages, followed by a separate

synthesis and augmentation protocol described in Section 4.4 and illustrated in Fig-

ure 4.2. Stage I addresses the semantic quality of the generated disease morphology,

drawing on the botanical corpus of Section 4.2.2, and Stage II enforces geometric

spatial realism, drawing on the pseudo-depth maps of Section 4.2.3.

The architecture uses Stable Diffusion v1.5 as the core generative backbone. This

variant was selected for three reasons: (i) the ControlNet ecosystem for v1.5 is the

most mature and well-documented, with pre-trained depth-conditioning checkpoints

available; (ii) its moderate parameter count keeps training and inference within the

memory budget of a single modern GPU, making the pipeline accessible to agricultural

research groups without large multi-GPU clusters, a point examined more closely

in Section 4.8; and (iii) using a widely adopted backbone improves reproducibility.

Stage I and Stage II are each trained once and then kept frozen; how the two frozen
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Figure 4.2: High-level block diagram depicting the overall KGDC-Diffusion framework.
Stage I (RAG-guided semantic conditioning) and Stage II (depth-controlled spatial
conditioning) are each trained once and then kept frozen. Steps A–C describe the
synthesis, augmentation construction, and downstream evaluation protocol.
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stages are subsequently combined at inference time to generate images and construct

an augmented training set is described separately in Section 4.4.

4.3.1 Stage I: RAG-Guided Soft Semantic Conditioning

Bare class-name prompts give the diffusion model no information about what a

disease–severity class actually looks like, and this is exactly the gap the botanical

corpus of Section 4.2.2 was built to fill. Stage I closes this gap by retrieving relevant

entries from the corpus and injecting them into the diffusion model’s cross-attention

layers, following the general Retrieval-Augmented Generation paradigm (Lewis et al.,

2020), in which a generative model is grounded in text retrieved from an external

knowledge source rather than relying only on its own parametric knowledge. The

stage consists of two parts: retrieving and assembling a prompt from the corpus, and

then using that prompt to fine-tune the diffusion model.

Text
Encoder

Curated Botanical
Corpus D

Vector
Database

Query q:
{Disease, Severity}

Retrieved
Chunks

SLM Prompt
Orchestrator Final Prompt

VAE
Encoder

Stable Diffusion
U-Net

 A soybean leaf
with early symptoms
of Bacterial
Pustule, showing
tiny raised yellow
spots near the
edges.

(A) Vector Indexing and Prompt Orchestration

Trainable

Frozen

Text
Embedder

(B) Semantic Fine-Tuning of the Latent Diffusion Model

Figure 4.3: Illustration of Stage I of the proposed pipeline. Section (A) details the
prompt orchestration via Retrieval-Augmented Generation (RAG); and Section (B)
demonstrates the semantic fine-tuning of the Latent Diffusion Model.
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4.3.1.1 Vector Indexing and Prompt Orchestration

The 80-entry botanical corpus of Section 4.2.2 is embedded into a dense vec-

tor space using the pre-trained all-MiniLM-L6-v2 sentence encoder (Reimers and

Gurevych, 2019) and indexed per class using FAISS (Johnson et al., 2019), so that

retrieval for a given class is restricted to that class’s own eight entries and cannot

accidentally pull in descriptors from a different disease. During generation, a query is

formed by combining the target class label with a randomly sampled emphasis key-

word (for example, “Bacterial Pustule Mild emphasising texture”), and this query is

embedded into the same vector space. Cosine-similarity retrieval then identifies the

top-k most relevant entries for the target class. This retrieval procedure is illustrated

in panel (A) of Figure 4.3.

The retrieved entries are not used verbatim; concatenating several short descrip-

tions tends to produce a run-on prompt that confuses the text encoder. Instead, a

small language model (SLM), Qwen2.5-1.5B-Instruct (Yang et al., 2024a), is prompted

with few-shot examples to fuse the retrieved entries into a single, cohesive prompt

of under 25 words. Keeping the prompt this short matters for two reasons: CLIP

ViT-L/14 truncates anything beyond 77 tokens, and in our own generations, longer

prompts tended to wash out the severity-specific detail and collapse toward a generic,

intermediate-severity appearance. The resulting prompt follows a standardised tem-

plate:

“A soybean leaf with [Severity] symptoms of [Disease], showing [Distilled

Morphological Descriptors].”

For example, a produced prompt for an early-stage infection of Aerial Blight reads:

“A soybean leaf with early symptoms of Aerial Blight, showing small brown water-

soaked spots at the tip of the leaf.” Conditioning on a prompt of this form gives the

text encoder concrete, expert-validated visual cues to work with, rather than a bare

class name, and is the mechanism by which Stage I is intended to produce images that

are both morphologically accurate and visually diverse.
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4.3.1.2 Semantic Fine-Tuning of the Latent Diffusion Model

The knowledge-grounded prompt y produced above is processed by the frozen CLIP

text encoder to produce embeddings τθ(y), which are injected into the intermediate

U-Net layers via cross-attention, as shown in panel (B) of Figure 4.3. The LDM is

fine-tuned to minimise the semantic objective:

LSemantic = EE(x), ϵ∼N (0,1), t, y

[
∥ϵ− ϵθ(zt, t, τθ(y))∥2

]
(4.1)

where zt is the noisy latent representation of the ground-truth image x at time step

t, and ϵθ is the noise predicted by the U-Net. By minimising this loss exclusively on the

target dataset using the RAG-generated prompts, the LDM recalibrates its internal

priors, enabling the generation of morphologically accurate and diverse early-stage

samples.

Stage I governs the appearance of the disease, but it does not constrain the ge-

ometry of the leaf on which that disease appears; a lesion generated by Stage I alone

can, in principle, be placed on an implausible leaf shape. Stage II, described next,

addresses this remaining gap.

4.3.2 Stage II: Depth-Controlled Spatial Conditioning

Because Stage I only constrains the text-conditioned appearance of a lesion and

says nothing about leaf shape or layout, Stage II introduces a second, independent con-

ditioning signal, a depth ControlNet Cdepth, conditioned on the pseudo-depth maps

prepared in Section 4.2.3. Using a ControlNet architecture here means the spatial

signal can be injected without retraining, or risking damage to, the semantic knowl-

edge that Stage I has already learned. The architecture of Stage II is illustrated

in Figure 4.4. The ControlNet encoder is initialised from a depth-pretrained check-

point (Zhang et al., 2023), while the semantically fine-tuned Stage I U-Net is kept

entirely frozen throughout Stage II training. Spatial conditioning cI is injected via

zero-initialised convolutions Z:
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yc = F(x; Θ) + Z(F(x+ Z(cI); Θcopy)) (4.2)

where F(·; Θ) is the frozen Stage I U-Net backbone and Θcopy represents the train-

able ControlNet parameters. Because the zero-convolution connector starts at zero,

the model behaves identically to the Stage I backbone at the very start of Stage II

training and only gradually learns to incorporate the structural prior, so that Stage I’s

semantic conditioning is never disrupted. The pseudo-depth map is treated as a rela-

tive prior on leaf contour, surface gradient, and foreground–background organisation;

no claim of metric depth or three-dimensional anatomical consistency is made.

Depth Anything
Inference

Depth
ControlNet

Frozen U-Net Weights
from Stage I 

Flip and Rotate
Depth Map at

inference

Training
Inference

Frozen
Trainable

Figure 4.4: Stage II depth conditioning: a pseudo-depth map estimated from the RGB
image conditions a depth ControlNet attached to the frozen, semantically fine-tuned
Stable Diffusion backbone, providing coarse structural guidance over leaf geometry
during generation.

At inference, for each synthetic image of a target class c, one pseudo-depth map

is sampled from the training images of class c and subjected to a light spatial aug-

mentation, a random horizontal flip or a 15◦–90◦ rotation, before being passed to the

ControlNet. As illustrated in Figure 4.5, this augmentation does more than simply

reorient the leaf geometry: because the denoising process is jointly conditioned on

both the depth map and the RAG-synthesised text prompt, each perturbed depth

map drives the reverse diffusion along a distinct trajectory, producing outputs that

vary in apparent illumination direction, colour temperature, lesion shading, and back-

ground context. The practical benefit of this is that successive samples of the same

disease–severity class exhibit the kind of intra-class photometric diversity, different
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lighting conditions, colour casts, and leaf surface gradients, that is essential for pre-

venting downstream classifiers from overfitting to the narrow set of visual conditions

present in the limited real training set. It also prevents the generator from reproducing

memorised denoising artefacts tied to a single specific depth map, while keeping the

structural prior class-consistent. How Stage I and Stage II are combined at inference

time, once both are trained and frozen, is described formally as Step A in Section 4.4.

Original image Depth map (15°) Depth map (45°) Depth map (flip)

Original depth Generated image Generated image Generated image
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pu

t
O
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Figure 4.5: Representative pseudo-depth maps (from DepthAnything) alongside orig-
inal and generated images under three augmented depth conditions (15◦ rotation, 45◦

rotation, and horizontal flip). Beyond geometric reorientation, each augmented depth
map drives the denoising process along a distinct trajectory, producing outputs that
differ in illumination direction, colour temperature, lesion shading, and background
context, photometric diversity that is critical for downstream classifier generalisation.

4.4 Synthetic Generation and Targeted Augmen-

tation Protocol

Stage I and Stage II, once trained, are kept entirely frozen; no further optimisation

happens after this point. What remains to be specified is how the two frozen stages

are operationalised, at inference time, into a supply of synthetic images, and how

those images are turned into a targeted addition to the training set rather than being
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added indiscriminately. This section covers both parts: Step A generates a single

severity-specific image on demand, and Step B decides how many such images each

class actually needs and filters out the ones that are not trustworthy enough to keep.

4.4.1 Step A: Severity-Aware Generation

Step A combines the frozen Stage I and Stage II models to synthesise a single

image for a target disease–severity class c, without any further training. For every

requested image, the pipeline performs three operations. First, the retrieve-then-

synthesise procedure of Section 4.3.1 is re-run to produce a fresh prompt P for class c,

so that successive samples of the same class draw on different emphasis aspects rather

than reusing a single fixed caption. Second, a pseudo-depth map is sampled from the

training images of class c and lightly augmented with a random flip or rotation, as

described in Section 4.3.2, so the structural prior is class-consistent without being tied

to one specific leaf instance. Third, the frozen Stage I U-Net and the Stage II depth

ControlNet are jointly queried during the reverse denoising process to decode the final

image.

Generation is governed by two inference-time controls that are set once for the

whole pipeline rather than per image: the classifier-free guidance scale, which reg-

ulates how strongly generation follows the RAG-synthesised text prompt, and the

depth-conditioning scale wdepth, which regulates how strongly generation follows the

sampled pseudo-depth map. Based on the sensitivity analyses reported in Section 4.7,

guidance scale = 3.0 and wdepth = 0.6 are used for all main experiments. Procedure 4.2

summarises the resulting generation process.

4.4.2 Step B: Targeted Augmentation Construction

Step A can generate images for any class on request, but generating the same

number of images for every class regardless of how well-represented it already is would

do nothing to correct the long-tail imbalance shown in Figure 4.1, which is the whole

motivation for this chapter. Step B therefore targets generation specifically at the

67



Table 4.2: KGDC-Diffusion inference procedure (Step A).

Item Operation

Input Target class c, corpus Dc, training-only depth-map pool Pc, guidance scale s, and
depth scale wdepth.

1 Retrieve the top-k descriptors for c from Dc and synthesise prompt P with the
SLM.

2 Sample cI ∼ Pc and apply a random flip or a 15◦–90◦ rotation.

3 Sample zT ∼ N (0, I) and encode P and the empty prompt.

4 For t = T, T − 1, . . . , 1, compute conditional and unconditional noise estimates,
apply classifier-free guidance, obtain the depth-ControlNet feature fdepth, and up-
date zt−1 with depth scale wdepth.

Output Decode z0 with the VAE to obtain the synthesised image Isyn.

classes that need it, following minority-class augmentation and long-tailed recognition

protocols (Kim et al., 2020; Park et al., 2022), and recent evidence that class imbalance

itself degrades diffusion-model fidelity and diversity on tail classes (Qin et al., 2023).

Let nmax = 489 denote the size of the largest real training class (Healthy). The

balancing target is set to

T = nmax = 489, (4.3)

and 800 candidate synthetic images are generated, using Step A, for every disease–

severity class with nc < T . Generating substantially more candidates than are ulti-

mately needed is deliberate: it leaves room for a quality filter to discard the weaker

samples rather than forcing every generated image into the training set regardless of

quality.

This quality filter is necessary because a generative model, especially on under-

represented classes, can produce images that look plausible but do not actually sit

within the real data manifold, the same concern about distributional overlap raised at

the start of this chapter. Following the realism-score-based cleanup strategy used for

diffusion-based weed augmentation by Chen et al. (2024), itself based on the improved

precision–recall formulation of Kynkäänniemi et al. (2019), each candidate image is

scored against the real training manifold before being admitted. Let ϕg denote the

feature vector of a generated image, and let Φr denote the set of feature vectors
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extracted from all real training images. For each reference feature vector ϕ′
r ∈ Φr, the

local neighbourhood radius is defined by the Euclidean distance to its k-th nearest

neighbour within the real feature set, NNk(ϕ
′
r,Φr). The realism score of a generated

image is then

R(ϕg,Φr) = max
ϕ′
r∈Φr

{
∥ϕ′

r − NNk(ϕ
′
r,Φr)∥2

∥ϕg − ϕ′
r∥2

}
. (4.4)

The numerator is the local radius of the real data manifold around a given real

sample ϕ′
r; the denominator is how far the generated sample ϕg sits from that same

real sample. A generated image is retained only if R ≥ 1 for at least one real reference

point, meaning its feature representation lies inside the neighbourhood of at least

one real training sample; candidates with R < 1 are discarded. In effect, this directly

operationalises the manifold-membership justification given at the start of this chapter:

only synthetic images that a real-data neighbourhood test confirms are close to genuine

field data are allowed into the training set.

Table 4.3 reports the resulting augmentation plan after filtering. Consistent with

long-tailed recognition protocols (Kim et al., 2020; Park et al., 2022), the largest

synthetic additions occur in the most under-represented classes, but the exact num-

ber retained is set by the realism-score criterion rather than by the balancing target

alone: classes for which the generator happens to produce more realistic samples retain

more synthetic images, while visually more difficult classes retain fewer. This quality-

controlled selection is what is used to build the augmented training set evaluated in

Section 4.6.2.
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Table 4.3: Per-class real-data split and realism-filtered synthetic additions for the
SoySeverityDataset. The balancing target is T = nmax = 489 (Healthy class); 800
candidate images are generated for every class with nc < T and then filtered using the
realism-score criterion of Eq. 4.4.

Class Train Val Test Synthetic Augmented Total

Aerial Blight – Early 49 10 11 240 289

Aerial Blight – Mild 369 79 79 120 489

Aerial Blight – Late 72 15 16 226 298

Bacterial Pustule – Early 37 8 9 430 467

Bacterial Pustule – Mild 409 88 88 80 489

Bacterial Pustule – Late 44 10 10 329 373

Yellow Mosaic Virus – Early 88 19 19 185 273

Yellow Mosaic Virus – Mild 368 79 80 121 489

Yellow Mosaic Virus – Late 32 7 8 457 489

Healthy 489 105 106 — 489

Total 1,957 420 426 2,188 4,145

4.5 Experimental Settings

The experimental protocol is organised to evaluate both the generative capabil-

ity of KGDC-Diffusion and the practical value of the resulting synthetic data. The

dataset and split configuration first establishes a consistent basis for all comparisons.

The implementation details then specify the training configuration and hyperparame-

ters required for reproducibility, followed by the generative baselines used to position

the proposed method against representative alternatives. The downstream classifier

protocol evaluates whether improvements in synthetic image quality translate into

measurable gains in diagnostic performance. Finally, the selected metrics provide

complementary measures of fidelity, diversity, distributional coverage, and downstream

utility.
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4.5.1 Datasets and Splits

The primary evaluation uses the SoySeverityDataset introduced in Section 4.2.1,

split using the stratified 70/15/15 train/validation/test protocol described there. The

generative models use only the training partition as the real reference distribution

and as the source of pseudo-depth maps; validation and test images are never used for

synthetic conditioning and are reserved for classifier selection and final downstream

evaluation. Portability of the framework is additionally examined on three external

datasets, described separately in Section 4.9; for each of these, the pipeline is retrained

from scratch with a dataset-specific descriptor corpus, so those experiments test the

portability of the pipeline’s design rather than zero-shot transfer of a single trained

generator.

4.5.2 Implementation Details

All experiments are conducted on a single NVIDIA H200 GPU (141GB HBM3e)

with Python 3.10 and PyTorch 2.9, using the Hugging Face Diffusers and Transformers

libraries. For Stage I, the Stable Diffusion v1.5 backbone is fine-tuned at 512 × 512

resolution for 16,000 steps using the AdamW optimiser (β1 = 0.9, β2 = 0.999, weight

decay = 1 × 10−2), with a batch size of 8, a peak learning rate of 2 × 10−5, a cosine

learning rate scheduler with 500 warmup steps, and Min-SNR weighting (γ = 5.0)

(Hang et al., 2023) for improved convergence stability. Stage II trains the depth

ControlNet for 10,000 additional steps using the same optimiser, learning rate 1×10−5,

and a cosine schedule with 200 warmup steps, while the Stage I U-Net is kept frozen.

The complete hyperparameter configuration is reported in Table 4.4.

4.5.3 Generative Baselines

KGDC-Diffusion is benchmarked against a suite of state-of-the-art generative mod-

els: StyleGAN2 (Karras et al., 2020a), StyleGAN3 (Karras et al., 2021), BigGAN

(Brock et al., 2019), ADM-G with both DDIM and DDPM sampling (Dhariwal and

Nichol, 2021), and a fine-tuned Stable Diffusion v1.5 baseline trained on the SoySeveri-
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Table 4.4: Exhaustive list of hyperparameters used for Stage I (Base LDM) and
Stage II (Depth ControlNet) training.

Hyperparameter Stage I (Core Diffusion) Stage II (Depth ControlNet)

Base Model Stable Diffusion v1.5 Depth Pre-trained Checkpoint

Resolution 512× 512 512× 512

Optimizer AdamW AdamW

Adam β1, β2 0.9, 0.999 0.9, 0.999

Weight Decay 0.01 0.01

Learning Rate 2× 10−5 1× 10−5

LR Scheduler Cosine Cosine

Warmup Steps 500 200

Batch Size 8 8

Max Train Steps 16,000 10,000

Min-SNR γ 5.0 —

Noise Offset None None

Precision FP16 FP16

tyDataset using simple class-name prompts, with identical hyperparameters to Stage I

but without RAG conditioning. These baselines isolate three separate sources of im-

provement: adversarial versus diffusion-based synthesis, class-name prompting versus

retrieval-grounded conditioning, and semantic-only conditioning versus semantic-plus-

depth conditioning. Given the limited per-class sample sizes, particularly for the mi-

nority Early- and Late-stage classes, all GAN baselines were trained using Adaptive

Discriminator Augmentation (Karras et al., 2020b) to reduce discriminator overfitting;

despite this, BigGAN still exhibits severe mode collapse, reflected in its near-zero Re-

call in Table 4.5. Deng and Lu (2025) are not included as a direct empirical baseline

because their ControlNet conditioning relies on manually annotated bounding boxes,

an annotation type unavailable for the SoySeverityDataset; a like-for-like comparison

is therefore not possible without fundamentally altering one of the two methodologies.
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4.5.4 Downstream Classifier Training

Downstream diagnostic classifiers (VGG-16 (Simonyan and Zisserman, 2015),

ResNet-50 (He et al., 2016), and ViT-B/16 (Dosovitskiy et al., 2021)) are initialised

from ImageNet weights and fine-tuned for 50 epochs with batch size 32. VGG-16

and ResNet-50 use SGD with a learning rate of 1 × 10−2; ViT-B/16 uses AdamW

with a learning rate of 3× 10−4. To isolate the effect of the synthetic data itself, the

same standard geometric transformations (random horizontal flips and minor rota-

tions) are applied to both the baseline and augmented datasets. Each experiment is

repeated across five retained random seeds to measure robustness against stochastic

initialisation.

4.5.5 Evaluation Metrics

Because the framework has two goals, producing images that resemble real disease

imagery and producing images that make a downstream classifier better, it is evalu-

ated with a two-fold strategy: generative image quality and downstream classification

utility which are described next.

Generative Metrics. Following standard practice (Heusel et al., 2017), gener-

ative performance is assessed along two complementary axes, fidelity (how closely a

generated image resembles real images) and diversity (how much of the real variation

the generated set covers). We report (i) Fréchet Inception Distance (FID) (Heusel

et al., 2017), computed in the Inception-V3 feature space, as an overall fidelity mea-

sure; (ii) Kernel Inception Distance (KID) (Bińkowski et al., 2018), an unbiased alter-

native to FID based on squared Maximum Mean Discrepancy, useful when per-class

sample counts are small; (iii) Inception Score (IS) (Salimans et al., 2016), reported

for completeness only and not used for model selection, since it conflates image sharp-

ness with inter-class diversity rather than measuring intra-class symptom coverage;

(iv) Generative Precision, the fraction of synthetic samples falling within the real-

data manifold; and (v) Generative Recall, the fraction of real samples covered by the

generated manifold (Kynkäänniemi et al., 2019). Precision and Recall use a VGG16
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feature extractor fine-tuned on the SoySeverityDataset training partition (Simonyan

and Zisserman, 2015), so that the evaluation is sensitive to the subtle morphological

cues, including lesion texture, chlorotic mottling, and necrotic margins, that distin-

guish disease severity but are not represented in generic ImageNet categories. All

generative metrics use the training partition as the real reference distribution, since

the validation and test partitions contain too few samples per fine-grained class for a

stable estimate.

Downstream Classification Metrics. We report overall accuracy together with

macro-averaged precision, recall, and F1, which weight every disease–severity class

equally and are therefore sensitive to minority-class behaviour, the classes that this

chapter’s augmentation strategy specifically targets. Let C be the number of classes,

N the total number of test samples, and TPc, FPc, FNc the per-class true positive,

false positive, and false negative counts:

Accuracy =

∑C
c=1 TPc

N
, Macro-P =

1

C

C∑
c=1

TPc

TPc + FPc

,

Macro-R =
1

C

C∑
c=1

TPc

TPc + FNc

, Macro-F1 =
1

C

C∑
c=1

2PcRc

Pc +Rc

.

(4.5)

4.6 Results

The results are presented in two parts, following the two-fold evaluation strat-

egy defined in Section 4.5.5. Section 4.6.1 examines whether KGDC-Diffusion gener-

ates synthetic images that are not only more visually faithful than the GAN-based,

diffusion-based, and class-name-prompted baselines, but also better aligned with the

distribution and feature manifold of the real data. It therefore evaluates both fidelity

and coverage rather than image realism alone. Section 4.6.2 then determines whether

these generative improvements translate into practical value by assessing whether tar-

geted augmentation with the generated images improves downstream diagnostic classi-

fication, particularly for the early-stage disease classes for which real training samples

are most difficult to collect.
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4.6.1 Generative Image Quality

For this comparison, synthetic samples are generated only for evaluation, not

passed through the realism-score filter of Section 4.4.2, and each model generates

as many synthetic images per class as there are real training images in that class,

so that FID, KID, IS, Precision, and Recall are computed under matched class-wise

sample counts for every baseline and the proposed model.

Figure 4.6 shows a qualitative comparison of generated images across disease–

severity categories. GAN-based models generate realistic leaf samples but miss

severity-specific colour and lesion detail, especially for early-stage cases, which is

also reflected in their tight, isolated clusters in the UMAP projections of Figure 4.7.

Diffusion baselines cover the real data distribution more broadly but produce im-

ages with artefacts attributable to insufficient training samples for early-stage classes.

KGDC-Diffusion performs best qualitatively, preserving subtle early-stage lesion pat-

terns through semantically rich conditioning while generating diverse samples that

extend into under-represented regions of the real data manifold.

Table 4.5 quantifies these qualitative trends. KGDC-Diffusion achieves the lowest

FID (23.33) and KID (0.01293) and the highest Recall (0.951), outperforming every

baseline on these three metrics. Among the non-proposed baselines, ADM-G (DDPM)

is the strongest diffusion baseline (FID 35.39), while StyleGAN3 achieves the lowest

FID among the GAN baselines (42.76). The fine-tuned Stable Diffusion baseline,

which is identical to Stage I except that it uses class-name prompts instead of RAG

conditioning, reaches only FID 57.88, which is direct evidence that fine-tuning alone

is not what drives the improvement; the retrieval-grounded conditioning design does.

The Precision–Recall trade-off across architectures is instructive for the augmenta-

tion goal of this chapter. BigGAN achieves the highest Precision (0.997) but a Recall

of only 0.004, indicating near-total mode collapse onto a small subset of appearances.

StyleGAN2 and StyleGAN3 similarly show high Precision but cover less of the real dis-

ease manifold than the proposed model. ADM-G variants improve coverage substan-

tially, with Recall between 0.941–0.943, at moderate Precision (0.774–0.819). KGDC-
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Figure 4.6: Qualitative comparison of synthetic images across representative disease–
severity categories (AB: Aerial Blight, BP: Bacterial Pustule, YMV: Yellow Mosaic
Virus; severity levels: Early, Mild, Late) alongside real samples. Each column corre-
sponds to one model; each row corresponds to one disease–severity class.
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Table 4.5: Quantitative comparison of images generated by different generative archi-
tectures. FID, KID, and IS are computed over the complete generated sets. Precision
and Recall are computed using the dataset-trained VGG16 feature extractor. Ar-
rows indicate the desired direction of improvement. The best result in each column is
highlighted in bold.

Model FID↓ KID↓ IS↑ Prec.↑ Rec.↑

BigGAN (Brock et al., 2019) 256.67 0.20020 2.11 0.997 0.004
StyleGAN2 (Karras et al., 2020a) 61.84 0.05230 2.87 0.929 0.826
StyleGAN3 (Karras et al., 2021) 42.76 0.01685 2.27 0.904 0.536
ADM-G (DDIM) (Dhariwal and Nichol, 2021) 53.54 0.02934 3.10 0.774 0.941
ADM-G (DDPM) (Dhariwal and Nichol, 2021) 35.39 0.01636 3.01 0.819 0.943
Stable Diffusion (fine-tuned) (Rombach et al., 2022) 57.88 0.03614 3.25 0.770 0.937
KGDC-Diffusion (Proposed) 23.33 0.01293 2.74 0.883 0.951

Diffusion achieves the highest Recall (0.951) alongside Precision of 0.883; although its

Precision is lower than the three highest-Precision GAN baselines, it provides sub-

stantially broader distributional coverage while simultaneously achieving the lowest

FID and KID. For minority-class data augmentation, this balance matters more than

Precision alone: a classifier trained on images that cover rare and early-stage symptom

configurations encounters more genuine intra-class diversity during training, which is

precisely what reduces overfitting to the narrow set of visual conditions in the real

data.

While Table 4.5 summarises aggregate distributional alignment, Figure 4.7 visu-

alises the same alignment in feature space, separated into early-stage and mild/late

categories so the minority early-stage classes remain visible. BigGAN forms compact,

isolated clusters with limited overlap with the real distribution, consistent with the

mode collapse already implied by its Recall score. KGDC-Diffusion achieves the closest

alignment with the real data while also extending into sparsely populated regions of the

feature space, indicating improved coverage of both common and under-represented

disease variations.

4.6.1.1 Per-Class Generative Behaviour

The aggregate metrics above average over all ten classes, which can hide whether

generative quality is uniform across classes or concentrated unevenly. Table 4.6 reports

per-class KID rather than per-class FID, because FID is a strongly biased estimator
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Figure 4.7: Class-stratified UMAP projections of Inception-V3 features, separating
early-stage (top row) from mild/late (bottom row) disease categories across evaluated
models.
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at small sample sizes, and several minority classes in the SoySeverityDataset contain

fewer than 100 real images.

Table 4.6: Per-class generative quality measured by KID on the SoySeverityDataset
train split, using subset size min(50, Nc).

Disease & Severity Class Real Subset KID

Healthy 489 50 0.019

Aerial Blight – Mild 369 50 0.017

Aerial Blight – Late 72 50 0.020

Aerial Blight – Early 49 49 0.023

Bacterial Pustule – Mild 409 50 0.082

Bacterial Pustule – Late 44 44 0.073

Bacterial Pustule – Early 37 37 0.072

Yellow Mosaic Virus – Mild 368 50 0.112

Yellow Mosaic Virus – Late 32 32 0.070

Yellow Mosaic Virus – Early 88 50 0.056

KID is lowest for the Healthy and Aerial Blight classes. Yellow Mosaic Virus–Mild

records the highest per-class KID (0.112) despite having 368 real training samples,

one of the largest classes in the dataset, which is a useful counter-example to the

assumption that generative difficulty tracks sample scarcity: here the within-class

visual heterogeneity of Yellow Mosaic Virus, a wide range of chlorotic mottling patterns

and leaf deformation severities at the mild stage, is the dominant difficulty rather than

the number of training images available. In short, the per-class breakdown shows that

the framework’s generative quality is not uniform, and that where it is weakest is

governed more by how visually diffuse a class’s symptoms are than by how many

real examples exist for it, a distinction worth keeping in mind when interpreting the

downstream classification results in Section 4.6.2.

4.6.2 Downstream Classification on SoySeverityDataset

Having established that KGDC-Diffusion produces higher-fidelity, higher-coverage

synthetic images than the compared baselines, this section evaluates whether that
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generative advantage translates into better diagnostic classification, particularly for

the Early-stage classes that are both the rarest and the most agronomically valu-

able to identify early. Synthetic images were generated for under-represented classes,

filtered using the realism-score criterion of Eq. 4.4, and added according to the quality-

controlled plan in Table 4.3. This augmentation is intended to complement, not re-

place, continued field data collection.

Table 4.7 reports macro-averaged accuracy, precision, recall, and F1 for VGG-16,

ResNet-50, and ViT-B/16, trained on the original versus the realism-filtered aug-

mented dataset, over five retained random seeds. All three architectures show con-

sistent improvements across every metric, together with a substantial reduction in

seed-to-seed variance. ResNet-50 achieves the highest overall accuracy after augmen-

tation (91.41%), reducing its cross-seed standard deviation from 2.55 to 0.81. VGG-16

shows the largest gains in accuracy, macro-precision, and macro-F1 (+3.76, +7.11, and

+5.59 percentage points, respectively), while ViT-B/16 shows the largest macro-recall

gain (+5.87 percentage points). The consistent variance reduction across all three

architectures is itself a practically important result for agricultural field deployments,

where compute constraints often restrict training to a single run and prevent post-hoc

selection of the best seed.

4.6.2.1 Statistical Significance and Seed Stability

To confirm that these gains reflect a genuine effect of augmentation rather than

favourable seed variation, paired t-tests are run over the five retained seeds, comparing

per-seed accuracy with and without augmentation for each architecture. Table 4.8

reports the results: the accuracy improvement is statistically significant at the 0.05

level for all three architectures, with p-values ranging from 0.0021 to 0.0325 and 95%

confidence intervals that exclude zero in every case.
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Table 4.7: Downstream classification performance (mean ± standard deviation over
five retained seeds) for each architecture trained without and with realism-filtered
targeted synthetic augmentation. Precision, Recall, and F1 are macro-averaged over
the ten disease–severity classes. Bold in the ∆ rows marks the largest gain in each
metric across architectures.

Condition Model Accuracy (%) Macro-P (%) Macro-R (%) Macro-F1 (%)

Original

ResNet-50 88.08 ± 2.55 80.52 ± 4.65 79.78 ± 2.08 79.51 ± 3.19

VGG-16 87.23 ± 1.16 77.16 ± 2.60 76.95 ± 1.07 76.29 ± 1.86

ViT-B/16 87.09 ± 1.39 78.30 ± 3.14 75.98 ± 1.78 76.43 ± 1.92

With Augmentation

ResNet-50 91.41 ± 0.81 85.16 ± 1.42 82.91 ± 1.30 83.75 ± 1.27

VGG-16 90.99 ± 0.49 84.27 ± 1.33 80.87 ± 1.22 81.89 ± 1.20

ViT-B/16 89.44 ± 0.72 81.73 ± 1.47 81.85 ± 0.75 81.30 ± 0.66

∆ (Aug. − Orig.)

ResNet-50 +3.33 +4.65 +3.13 +4.24

VGG-16 +3.76 +7.11 +3.92 +5.59

ViT-B/16 +2.35 +3.44 +5.87 +4.87

Table 4.8: Paired t-test results for classification accuracy (original vs. augmented),
n = 5 retained seeds per model.

Model Mean ∆ Acc. (%) 95% CI p-value

ResNet-50 +3.33 [+0.45, +6.21] 0.0325

VGG-16 +3.76 [+2.28, +5.23] 0.0021

ViT-B/16 +2.35 [+1.43, +3.27] 0.0021

4.6.2.2 Minority-Class and Early-Stage Effects

Because the augmentation strategy specifically targets under-represented classes,

the macro-averaged and class-wise breakdown is more informative than the aggregate

accuracy figures above for judging whether the augmentation did what it was designed

to do. Table 4.9 breaks down the performance of the best-performing model, ResNet-

50, by individual disease–severity class. The largest improvements are concentrated in

the classes that Table 4.3 allocated the most synthetic images to: Aerial Blight–Early

(F1: 71.50 → 84.08), Aerial Blight–Late (F1: 57.08 → 61.87), and Yellow Mosaic

Virus–Early (F1: 67.07 → 73.37). This is direct evidence that the synthesised images
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introduce realistic intra-class variation precisely where it is scarce in the real, field-

collected data, which is the outcome the targeted augmentation rule in Section 4.4.2

was designed to produce. A small number of classes show a modest recall decrease

after augmentation, but these are accompanied by precision or F1 gains in most cases,

suggesting a shift toward more conservative but more reliable class boundaries rather

than a uniform push for higher recall everywhere.

Table 4.9: Class-wise classification performance of ResNet-50 before and after realism-
filtered targeted synthetic data augmentation, averaged over five retained seeds.

Before Augmentation (Baseline) After Augmentation (KGDC-Diffusion)

Class Prec. (%) Rec. (%) F1 (%) Prec. (%) Rec. (%) F1 (%)

Aerial Blight – Early 79.06 65.45 71.50 83.06 85.45 84.08
Aerial Blight – Mild 85.45 87.59 86.47 88.87 92.66 90.70
Aerial Blight – Late 56.63 58.75 57.08 69.63 56.25 61.87
Bacterial Pustule – Early 69.58 73.33 69.99 75.90 71.11 72.89
Bacterial Pustule – Mild 93.15 89.77 91.39 93.88 93.86 93.86
Bacterial Pustule – Late 68.91 74.00 71.12 75.89 74.00 74.62
Yellow Mosaic Virus – Early 60.46 77.89 67.07 71.41 75.79 73.37
Yellow Mosaic Virus – Mild 92.11 86.00 88.76 93.00 92.50 92.73
Yellow Mosaic Virus – Late 100.00 85.00 91.81 100.00 87.50 93.33
Healthy 99.81 100.00 99.91 100.00 100.00 100.00

Taken together, Sections 4.6.1 and 4.6.2 show a consistent story: KGDC-Diffusion

produces synthetic images that are both closer to the real data manifold, by FID,

KID, and Recall, and demonstrably useful once fed into downstream training, with

statistically significant gains concentrated in exactly the under-represented, early-stage

classes the framework targets. The next section isolates which parts of the framework

are responsible for these gains.

4.7 Ablation and Sensitivity Analysis

The results above evaluate KGDC-Diffusion as a whole. This section takes it

apart, to check whether the gains come from fine-tuning in general, from the retrieval-

grounded prompting specifically, from the number of descriptors retrieved, or from

the depth conditioning, and to check whether the inference-time settings selected

in Section 4.4.1 (guidance scale 3.0, wdepth = 0.6) are a robust choice or a narrow,

overtuned one.
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4.7.1 Prompt Conditioning Ablation

To isolate the contribution of the retrieval mechanism itself, class-name prompting

is compared against retrieval-grounded prompting using k = 1 through k = 6 retrieved

descriptors, with every other pipeline component held fixed. As shown in Table 4.10,

retrieval with k = 2 gives the best trade-off among the retrieval-grounded settings,

with the lowest FID (42.27) and KID (0.0273) and the highest Precision. The class-

name baseline has higher Recall, but at substantially worse FID and KID, echoing

the fidelity–coverage trade-off already seen in Table 4.5. Increasing k beyond two

introduces less relevant descriptors that dilute the conditioning signal and degrade

FID, confirming that more retrieved text is not automatically better; the purpose

of retrieval is to add specific, relevant detail rather than volume. These values are

reported at a common reference guidance scale; the selected k = 2 configuration is

then separately tuned over the guidance scale in Table 4.12.

Table 4.10: Prompt-conditioning ablation on the SoySeverityDataset at a common ref-
erence guidance scale. Class-name is the fine-tuned SD baseline; retrieval is evaluated
for k = 1 to 6.

Prompt Strategy FID ↓ KID ↓ IS ↑ Precision ↑ Recall ↑

Class-name (fine-tuned SD) 57.88 0.0361 3.25 0.770 0.937

Retrieval k=1 50.18 0.0325 2.86 0.7904 0.9043

Retrieval k=2 (Proposed) 42.27 0.0273 3.01 0.8229 0.9193

Retrieval k=3 48.31 0.0304 3.14 0.8164 0.9149

Retrieval k=4 49.13 0.0307 3.05 0.8104 0.8992

Retrieval k=5 54.43 0.0351 3.03 0.7987 0.9036

Retrieval k=6 54.15 0.0340 2.99 0.7909 0.9060

4.7.2 Component Ablation

To quantify the contribution of each stage in the proposed pipeline, components

are introduced incrementally, beginning with the base Stable Diffusion model. As

summarized in Table 4.11, the unadapted model performs poorly on this specialized
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agricultural domain, yielding an FID of 224.67 and a Precision of 0.61. This result

indicates that representations learned from general natural-image data do not transfer

adequately to fine-grained disease-severity generation without domain-specific adap-

tation.

Fine-tuning the model on the target dataset using class-name prompts substan-

tially improves performance, reducing the FID to 57.88. Replacing these generic class

labels with retrieval-grounded prompts using k = 2 and a guidance scale of 3.0 further

lowers the FID to 38.89, demonstrating that expert botanical descriptions provide

more informative semantic conditioning than class names alone. Incorporating the

Stage II depth ControlNet produces the strongest overall result, reducing the FID

to 23.33 and increasing Recall to 0.951. These findings show that structural guid-

ance derived from leaf geometry complements the semantic gains obtained through

retrieval-grounded conditioning rather than duplicating them.

Table 4.11: Component ablation of the KGDC-Diffusion framework. Each row adds
one component to the previous configuration. Metrics are computed against the
training-set reference (Inception-V3 for FID/KID; dataset-trained VGG16 for Pre-
cision/Recall).

Configuration RAG Depth FID ↓ KID ↓ Precision ↑ Recall ↑

Stable Diffusion (base) 224.67 0.174 0.61 0.35

SD fine-tuned (class-name prompts) 57.88 0.036 0.770 0.937

Retrieval-grounded prompting ✓ 38.89 0.024 0.800 0.910

KGDC-Diffusion (RAG + Depth) ✓ ✓ 23.33 0.01293 0.883 0.951

4.7.3 Guidance-Scale Sensitivity

Having established that both components contribute independently, the remaining

question is whether the specific operating point chosen for them, guidance scale 3.0

and wdepth = 0.6, is a stable choice or a narrowly tuned one. Table 4.12 sweeps the

classifier-free guidance scale, with the depth ControlNet not yet applied, and shows

a clear minimum FID at a guidance scale of 3.0. Higher guidance scales increase

Inception Score but steadily reduce Recall, which is consistent with the general effect
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of guidance: pushing the model to follow the text prompt more strongly narrows the

generated distribution and reduces coverage of the real disease variation, so guidance

scale 3.0 is used as a genuine trade-off point rather than an extreme setting.

Table 4.12: Guidance-scale sensitivity for the retrieval-grounded model (without depth
ControlNet) on the SoySeverityDataset, evaluated against the training-set reference.
Precision and Recall are computed in the dataset-trained VGG16 feature space.

Guidance Scale FID ↓ KID ↓ IS ↑ Precision ↑ Recall ↑

1.0 61.14 0.052 2.84 0.77 0.91

2.0 43.24 0.030 2.83 0.79 0.91

3.0 38.89 0.024 2.88 0.80 0.91

4.0 39.75 0.024 2.97 0.82 0.90

5.0 42.50 0.026 3.02 0.82 0.88

6.0 45.69 0.029 3.02 0.82 0.86

7.0 49.11 0.032 3.10 0.82 0.86

8.0 52.00 0.035 3.12 0.82 0.86

9.0 54.72 0.037 3.18 0.82 0.85

10.0 56.94 0.039 3.13 0.82 0.83

4.7.4 Depth-Conditioning Scale Sensitivity

To examine the influence of the depth ControlNet conditioning weight, we vary

wdepth while keeping the guidance scale fixed at 3.0. As reported in Table 4.13,

wdepth = 0.6 provides the best overall performance, achieving the lowest FID of 23.33

and KID of 0.01293, together with the highest Precision and Recall. This setting is

therefore adopted for the full KGDC-Diffusion system throughout this chapter. In-

creasing the depth-conditioning weight beyond 0.6 progressively over-constrains the

diffusion process, leading to a slight deterioration in FID and a reduction in Recall.

These results suggest that pseudo-depth is most effective when used as a coarse struc-

tural prior rather than as a rigid geometric constraint.

Together, the four ablations in this section show that neither the retrieval-grounded

prompting nor the depth conditioning is redundant, and that the chosen inference-time

settings sit at a genuine, non-marginal optimum rather than at the edge of a narrow
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Table 4.13: Depth ControlNet conditioning-scale sensitivity (guidance scale fixed at
3.0). Precision and Recall are computed in the dataset-trained VGG16 feature space;
± values indicate variation across repeated synthetic sampling/evaluation runs.

wdepth FID ↓ KID ↓ Precision ↑ Recall ↑

0.4 29.74 0.017 0.85± 0.11 0.94± 0.10

0.6 23.33 0.012 0.88± 0.10 0.95± 0.08

0.8 23.38 0.012 0.88± 0.10 0.95± 0.09

1.0 23.86 0.013 0.87± 0.10 0.94± 0.09

1.2 24.68 0.014 0.87± 0.11 0.93± 0.09

tuning window. Section 4.8 now turns from accuracy to a different, equally practical

question: what this framework costs to run.

4.8 Computational Cost and Practical Feasibility

A generative pipeline is only useful to agricultural research groups if it can actually

be run on the hardware such groups typically have access to; this section reports what

KGDC-Diffusion costs to train and run, and checks whether that cost is confined to

high-end accelerators. Table 4.14 reports the per-image inference cost and Table 4.15

the per-step training cost for each generative model on a single H200 GPU. For infer-

ence, latency and FLOPs are reported per generated 512 × 512 image, with FLOPs

for diffusion models accumulated over all sampling steps; for training, the per-step

latency, throughput, and peak memory are reported at batch size 8.

As expected, diffusion-based generators, including ours, incur substantially higher

per-image inference cost than single-pass GANs, since they require many iterative

denoising steps rather than one forward pass. The depth ControlNet adds a modest

overhead over the Stage I backbone alone, growing from 860M to 1.22B parameters

at inference, while the retrieval and depth-estimation steps are one-time preprocess-

ing costs amortised across subsequently generated images. The runtime figures in

Tables 4.14 and 4.15 were measured on a single NVIDIA H200 to keep comparisons

consistent across baselines. Separately, both Stage I and Stage II fine-tuning were ver-
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Table 4.14: Inference compute cost per model at 512×512, batch size 8. FLOPs for
diffusion models are total over all sampling steps.

Model Variant Params Steps FLOPs/image Latency/image (ms)

StyleGAN
StyleGAN2 30.5M 1 84.0GF 2.36

StyleGAN3 25.1M 1 545GF 5.06

BigGAN BigGAN 9.8M 1 27.4GF 1.54

ADM
DDIM 613M 50 209TF 2,093

DDPM 613M 1000 4,172TF 41,705

SD1.5

Class-name 860M 40 27.1TF 314

RAG k=2 860M 40 27.1TF 315

Depth ControlNet (Ours) 1.22B 40 36.4TF 458

Table 4.15: Training compute cost per optimiser step at 512×512, batch size 8. ADM
rows reflect a single generative-model step. The SD1.5 ControlNet row is ControlNet-
only (U-Net frozen).

Model Variant Params (train) Latency/image (ms) Peak VRAM (GiB)

StyleGAN
StyleGAN2 61.9M 19.8 9.06

StyleGAN3 56.5M 32.4 12.10

BigGAN BigGAN 20.7M 21.0 7.01

ADM
DDIM 559M 146.8 112.9

DDPM 559M 130.9 112.9

SD1.5

Class-name 860M 81.2 16.78

RAG k=2 860M 76.9 16.78

Depth ControlNet (Ours) 361M 106.7 10.67
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ified with the same pipeline on a single NVIDIA L4 accelerator with 24GB VRAM.

The L4 is not a consumer GPU; this verification tests whether the pipeline fits within a

24-GB memory budget comparable to that available on high-end consumer hardware.

The result supports single-accelerator feasibility without implying that the H200 or

L4 is consumer hardware.

4.9 Cross-Dataset Portability

Every result so far comes from a single dataset, SoySeverityDataset, so it remains

an open question whether the conditioning design generalises or whether it happens

to fit the particular crop, disease taxonomy, and field-imaging conditions of soybean.

This section checks portability on three external datasets that differ from SoySeverity-

Dataset in crop, taxonomy, and acquisition environment: a PlantVillage tomato subset

(Hughes and Salathé, 2015) under controlled imaging conditions, and two real-field

weed-identification datasets, CottonWeedID10 and CottonWeedID15 (Chen et al.,

2022), together with DeepWeeds (Olsen et al., 2019). In every case, the pipeline, in-

cluding the descriptor corpus and the feature extractor used for evaluation, is retrained

from scratch on the target dataset; these experiments therefore test the portability of

the pipeline design, not zero-shot or few-shot transfer of a single trained generator.

4.9.1 Controlled-Environment Portability: PlantVillage

Tomato

On the PlantVillage tomato subset (Table 4.16), which is not a severity-labelled

dataset and therefore tests only class-level portability, the depth-controlled model

reduces FID from 30.20 to 21.77 and raises Precision from 0.7609 to 0.8123 over the

class-name baseline. Because PlantVillage’s backgrounds are controlled and near-

uniform, this is a less challenging imaging regime than field-collected soybean data,

so the result should be read as evidence of pipeline portability in a controlled setting

rather than as evidence of severity-aware generalisation.
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Table 4.16: External validation on the PlantVillage tomato subset. The depth-
controlled model substantially improves over the fine-tuned class-name baseline.

Model FID ↓ IS ↑ Precision ↑ Recall ↑

BigGAN 54.35 2.37 0.7864 0.2202

StyleGAN2 27.63 2.67 0.7233 0.4564

StyleGAN3 30.05 2.27 0.7044 0.4902

ADM-G (DDIM) 57.71 3.95 0.5115 0.4053

ADM-G (DDPM) 34.45 2.88 0.6415 0.6885

Stable Diffusion (fine-tuned) 30.20 3.43 0.7609 0.6412

KGDC-Diffusion (Proposed) 21.77 3.01 0.8123 0.7064

4.9.2 Real-Field Generative Portability: CottonWeedID10

and DeepWeeds

Generative performance is evaluated on two real-field weed-species datasets: Cot-

tonWeedID10 and DeepWeeds. As shown in Tables 4.17 and 4.18, KGDC-Diffusion

achieves the best FID (21.76), Inception Score (9.36), and Precision (0.6858) on Cot-

tonWeedID10, whereas ADM-G (DDPM) obtains the highest Recall (0.8035). A sim-

ilar trend is observed on DeepWeeds, where KGDC-Diffusion records the lowest FID

(30.67), highest Inception Score (4.28), and highest Precision (0.8743), while ADM-G

(DDPM) retains the best Recall (0.6395).

Table 4.17: Generative performance on the CottonWeedID10 weed-species dataset.
The best value in each column is highlighted in bold.

Model FID ↓ IS ↑ Precision ↑ Recall ↑

BigGAN 107.22 5.38 0.5605 0.4315

StyleGAN2 43.90 7.39 0.6850 0.4430

StyleGAN3 26.28 5.81 0.5555 0.7975

ADM-G (DDIM) 40.76 5.05 0.6130 0.7300

ADM-G (DDPM) 24.14 6.70 0.6805 0.8035

Stable Diffusion (fine-tuned) 37.59 7.11 0.4847 0.5809

KGDC-Diffusion (Proposed) 21.76 9.36 0.6858 0.6875
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Table 4.18: Generative performance on the DeepWeeds weed-species dataset. The
best value in each column is highlighted in bold.

Model FID ↓ IS ↑ Precision ↑ Recall ↑

BigGAN 197.18 1.77 0.3940 0.0285

StyleGAN2 44.37 1.81 0.5975 0.5565

ADM-G (DDIM) 56.02 2.41 0.5185 0.5985

ADM-G (DDPM) 38.17 3.25 0.7065 0.6395

Stable Diffusion (fine-tuned) 39.24 4.31 0.6762 0.4358

KGDC-Diffusion (Proposed) 30.67 4.28 0.8743 0.6297

Across all three external datasets, the proposed conditioning consistently improves

fidelity, FID and Precision, over the compared baselines, mirroring the pattern already

established on soybean. This confirms that the gains stem from the conditioning design

itself rather than from properties specific to soybean imagery: the same retrieve-then-

generate, depth-guided recipe transfers cleanly to a controlled-background fruiting

crop and to two independent real-field weed datasets, even though each requires its

own separately trained model and descriptor corpus.

4.9.3 Cross-Dataset Downstream Validation: CottonWee-

dID15

The three portability checks above establish that the conditioning design improves

generative fidelity on external data, but they do not, by themselves, show that this

generative advantage translates into a better downstream classifier outside the soybean

severity task, the same gap that motivated Section 4.6.2 for SoySeverityDataset. This

subsection closes that gap using the full 15-class release of CottonWeedID (Chen et al.,

2022), which, unlike the 10-class subset used for the generative-fidelity comparison

above, includes several minority classes with substantially fewer real images, giving a

real-field, class-imbalanced setting distinct in crop, taxonomy, and imaging conditions

from soybean.

Synthetic images were generated to selectively oversample the under-represented
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classes of the CottonWeedID15 training partition, following the same augmentation

protocol used for SoySeverityDataset in Section 4.4.2, and filtered with the same

realism-score criterion. ResNet-50, VGG16-BN, and ViT-B/16 were then trained on

both the real-only and the real-plus-filtered-synthetic datasets. Table 4.19 reports the

results.

Table 4.19: Downstream classification performance on CottonWeedID15 (mean ±
standard deviation over five seeds) for each architecture trained without and with
filtered targeted synthetic augmentation.

Condition Model Accuracy (%) Macro-P (%) Macro-R (%) Macro-F1 (%)

Original

ResNet-50 97.03 ± 0.74 95.39 ± 0.98 95.78 ± 0.79 95.43 ± 0.84

VGG16-BN 96.83 ± 0.26 96.39 ± 0.80 95.94 ± 0.78 96.02 ± 0.59

ViT-B/16 95.33 ± 1.89 95.12 ± 1.73 93.40 ± 2.29 94.07 ± 2.06

With Augmentation

ResNet-50 97.95 ± 0.22 96.98 ± 1.25 97.53 ± 0.70 97.14 ± 0.73

VGG16-BN 98.03 ± 0.37 97.57 ± 0.67 96.90 ± 0.49 97.15 ± 0.41

ViT-B/16 97.30 ± 0.49 96.66 ± 1.09 96.50 ± 0.59 96.50 ± 0.79

∆ (Aug. − Orig.)

ResNet-50 +0.93 +1.60 +1.75 +1.71

VGG16-BN +1.20 +1.17 +0.95 +1.13

ViT-B/16 +1.97 +1.53 +3.10 +2.43

All three architectures improve on every metric with filtered synthetic augmenta-

tion, despite starting from a substantially higher real-only baseline (95–97% accuracy)

than on SoySeverityDataset, which reflects the coarser-grained, better-balanced-per-

class nature of weed species identification relative to fine-grained disease-severity stag-

ing. ViT-B/16 benefits the most, with the largest accuracy gain (+1.97 points), the

largest macro-recall gain (+3.10 points), and the largest macro-F1 gain (+2.43 points);

ResNet-50 shows the largest macro-precision gain (+1.60 points). ViT-B/16 also has

the highest real-only variance across seeds (±1.89 accuracy), which augmentation re-

duces to ±0.49, the same pattern already observed on SoySeverityDataset, in which

the architecture most sensitive to data scarcity benefits most from the additional syn-

thetic coverage.

Table 4.20 reports a paired t-test and a one-sided Wilcoxon signed-rank test on

the per-seed accuracy differences, to check whether these gains are attributable to the
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augmentation rather than seed variation. The Wilcoxon test, which does not assume

normality and is more appropriate given the small sample of five seeds, indicates a

consistent, monotonic improvement for all three architectures (p = 0.0313, the smallest

attainable one-sided p-value at n = 5). ViT-B/16 does not reach significance under

the paired t-test (p = 0.1023) despite having the largest mean gain; this reflects its

higher variance rather than an inconsistent effect, since the Wilcoxon result confirms

the improvement was directionally consistent across all five seeds.

Table 4.20: Paired t-test and one-sided Wilcoxon signed-rank test results for Cotton-
WeedID15 classification accuracy (original vs. filtered-augmented), n = 5 seeds per
model.

Model Mean Acc. Gain (pp) Paired t-test p Wilcoxon (one-sided) p

ResNet-50 +0.93 0.0349 0.0313

VGG16-BN +1.20 0.00044 0.0313

ViT-B/16 +1.97 0.1023 0.0313

Together with the SoySeverityDataset results of Section 4.6.2, the CottonWee-

dID15 results indicate that the augmentation strategy transfers beyond the primary

soybean severity task to a second, independently filtered and class-balanced real-field

setting, closing the portability question raised at the start of this section: the benefit

of KGDC-Diffusion is a property of the conditioning design, not an artefact of the

SoySeverityDataset alone.

4.10 Summary

This chapter presents KGDC-Diffusion, a two-stage generative framework moti-

vated by the scarcity of Early-stage symptoms in field-collected agricultural data.

Targeted synthesis can complement field collection by adding quality-controlled im-

ages whose distribution overlaps with the real data manifold. The framework pairs a

Retrieval-Augmented Generation pipeline, built on an 80-entry expert-curated botan-

ical knowledge corpus, with a depth-only ControlNet conditioned on pseudo-depth
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maps estimated automatically from RGB images via zero-shot monocular estimation,

requiring no manual spatial annotation. Stage I enriches semantic conditioning with

retrieved morphological descriptions, while Stage II encourages coarse geometric re-

alism through the structural layout of real leaves. A realism-score filter, described in

Step B of Section 4.4, then selects the synthetic images admitted to the training set.

On the SoySeverityDataset, KGDC-Diffusion achieves an FID of 23.33, a KID of

0.01293, and a Recall of 0.951, outperforming the strongest diffusion baseline, ADM-

G (DDPM), by 12.06 FID points. Downstream classifiers augmented with the re-

sulting realism-filtered synthetic images show statistically significant gains across all

three tested architectures (ResNet-50, VGG-16, and ViT-B/16), with maximum im-

provements of 3.76 percentage points in accuracy, 7.11 in macro-precision, 5.87 in

macro-recall, and 5.59 in macro-F1. Ablation and sensitivity studies support com-

plementary contributions from retrieval-grounded prompting and depth conditioning;

the selected inference settings define the best observed operating region within the

evaluated range. External experiments show that the design remains effective after

retraining on PlantVillage tomato, CottonWeedID10, DeepWeeds, and CottonWee-

dID15, rather than demonstrating zero-shot transfer. Runtime measurements were

made on an H200, and both training stages were additionally verified on a single

NVIDIA L4 with 24GB VRAM. This demonstrates compatibility with the memory

capacity available on high-end 24-GB consumer GPUs without describing either eval-

uated accelerator as a consumer GPU.

A broader analysis of all proposed methodologies and their interrelationships is

presented in the concluding chapter.
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Chapter 5

Conclusion and Future Work

This thesis started from the observation developed in Sections 1.1 and 1.2: recog-

nition backbones and generative models have both grown in representational power

while leaving the same structural gap open. A shared backbone with independent

heads gives one task’s prediction no pathway to inform another’s features, and a diffu-

sion model conditioned on a class index or a generic text prompt is told which class to

synthesise but not what it looks like. In both cases the conditional structure that gov-

erns the domain is missing from the architecture. The two contributions of this thesis

are the same move applied at opposite ends of the pipeline: make that conditioning

explicit.

5.1 Summary of Contributions

Disease-Conditioned Severity Calibration (DCSC) addresses the recogni-

tion gap. Severity is not an absolute visual quantity but a disease-relative one: the

evidence for severe damage in one disease is not the evidence for severe damage in

another. DCSC conditions the severity pathway on the predicted disease identity

through FiLM-based affine modulation, and supervises it with a CORAL ordinal

head, a disease-conditioned prototype head, and an Earth Mover’s Distance term.

On AI Challenger 2018, under a fixed 70/15/15 split with five seeds, DCSC reaches

98.51% disease accuracy and 92.30% severity accuracy with a soft MAE of 0.0909.
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The 57% soft-MAE reduction over the VMamba baseline is statistically significant

(p < 0.001). A representative confusion matrix shows a descriptive 52.84% reduction

in serious-to-general errors relative to reproduced TSTC; this count was not itself

significance-tested. On the Rice Leaf Severity dataset, where disease accuracy sat-

urates, the soft-MAE reduction reaches 79%, supporting the benefit of the severity

pathway independently of the backbone.

Knowledge-Grounded Depth-Controlled Diffusion (KGDC-Diffusion)

addresses the generative gap where it matters most, in the early-stage classes that

are both the most agronomically useful and the most under-represented. Stage I re-

trieves expert-validated morphological descriptors from a botanical corpus at inference

time, replacing the class-index prompt with a description of the target appearance;

Stage II conditions a depth-only ControlNet on pseudo-depth maps from zero-shot

monocular estimation, enforcing geometric realism with no manual spatial annota-

tion. On the SoySeverityDataset the framework attains an FID of 23.33, a KID of

0.01293 and a Recall of 0.951, beating the strongest diffusion baseline by 12.06 FID

points, and the realism-filtered synthetic images give consistent, statistically signifi-

cant downstream gains across ResNet-50, VGG-16 and ViT-B/16, up to 3.76 percent-

age points in accuracy, concentrated in the early-stage classes. Cross-dataset results

on PlantVillage tomato, CottonWeedID10, DeepWeeds and CottonWeedID15 show

that the design remains effective when retrained for each target dataset; they do not

constitute zero-shot generalisation. Supporting both contributions, the SoySeveri-

tyDataset provides expert-validated soybean imagery across three diseases and three

severity levels.

The two results answer the same question. KGDC-Diffusion supplies the con-

ditional information the data lacks; DCSC supplies the conditional information the

architecture lacks. Neither gain came from scaling a backbone or a generator, but from

writing an existing conditional dependency into a place where gradients can reach it.
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5.2 Limitations

DCSC conditions severity on the predicted disease identity, so severity accuracy is

structurally bounded by disease accuracy: every disease misclassification supplies the

severity pathway with the wrong conditioning vector, and the severity prediction is

then made against the wrong disease-specific scale. The disease head in the present

design is therefore the ceiling on the severity head, and it was not itself the object

of optimisation in this work. Making the disease classifier more robust, particularly

under a weaker or open-set taxonomy, is a prerequisite for any further gain in severity

accuracy. KGDC-Diffusion depends on a hand-curated botanical corpus, and its re-

trieval signal is class-level rather than image-level, so a generated image inherits the

morphology of its class description rather than of the specimen being augmented; the

realism filter is also a post-hoc gate rather than a guarantee built into sampling. Both

frameworks were validated offline on curated collections, not under field acquisition

conditions.

5.3 Future Work

• Image-level conditioning. Replace the hand-written corpus with vision-

language-model captions generated per image, raising the conditioning signal

from the class level to the instance level and removing the curation bottleneck.

• Richer cross-task pathways. FiLM applies a channel-wise affine transform,

which is deliberately coarse. Cross-attention between the disease and severity

pathways would allow spatially selective conditioning, and infection-type-aware

hierarchical priors would let pathologically related diseases share severity struc-

ture.

• A more robust disease head. Because severity is conditioned on the predicted

disease identity, the disease head is the direct route to a higher severity accu-

racy: every gain there removes a mis-conditioned severity prediction. Hierarchi-

cal species-masking, confidence calibration, stronger disease-side augmentation,
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and automatic loss weighting in place of fixed multitask weights are all natu-

ral candidates, and none of them requires changing the conditioning mechanism

itself.

• Closing the loop. Use DCSC’s per-class severity uncertainty to decide where

KGDC-Diffusion should synthesise next, turning augmentation from a fixed pre-

processing step into a targeted, uncertainty-driven process.

• Field deployment. Agricultural robots collect leaf imagery autonomously but

without labels. KGDC-Diffusion offers a route to labelling such streams, while

DCSC would need adaptation for on-device real-time severity assessment.
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